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ABSTRACT
Am I a Math or Science Person? How High School Students’ Attitudes Towards Mathematics
and Science Influence Their Decision to Major in STEM
by
Dalton D. Marsh
University of New Hampshire, May 2020

Motivated by an innovation-driven economy, critical emphasis has been placed on the
science, technology, engineering, and mathematics (STEM) workforce in the United States.
Education has been charged to prepare a diverse population of young people qualified to take up
these jobs and lead the nation into a rapidly evolving technological future. How to best approach
this goal is still being negotiated. While past research and efforts focused largely on improving
students’ achievement in mathematics and science, more recent research points to the need to
also consider students’ attitudes towards STEM subjects. However, what types of attitudes (e.g.,
self-efficacy, identity, interest, utility) are most important and how to best promote them remains
unclear. This dissertation research project aims to better understand the relationships between
U.S. high school students’ STEM-related educational experiences, attitudes, achievement, course
taking, and college major choices. Analyses employed data from the High School Longitudinal
Study of 2009 (HSLS:09) and used structural equation modeling to examine expectancy-value
models of STEM motivation. Differences across gender, race/ethnicity, and socioeconomic
groups were examined to investigate why certain groups have historically been underrepresented
in STEM. The results suggest that it is a sense of identity as a math or science person that is the

xiii

most important attitude related to students’ decision to major in STEM and that, furthermore,
best explains underrepresentation.

xiv

CHAPTER 1
INTRODUCTION
Over the past few decades, advances in science and technology have afforded deeper
insights into the fundamental workings of nature. Knowledge of the behavior of subatomic
particles made possible the engineering of a revolutionary semiconductor technology: the
computer. This device helped further existing technologies and inspire new ones. The resulting
digital age propelled mankind into an era of rapid scientific and technological advancement and
transformed our daily lives. We invented the internet and smartphones, giving us seemingly
limitless access to information at our fingertips; we mapped the human genome; we discovered
gravity waves and planets outside our solar system; we now have the ability to edit our own
DNA. Scientific and technological progress is solving countless problems—and creating new
ones.
The era of high-tech innovation has fueled economic growth and increased demand for
workers skilled in science, technology, engineering, and mathematics (STEM) fields (Business
Roundtable & Change the Equation, 2014; Carnevale, Smith, & Strohl, 2013; National
Association of Colleges and Employers [NACE], 2018a; Rothwell, 2013; Xue & Larson, 2015).
STEM education has been charged to meet this demand as part of a collective effort in sustaining
economic prosperity and national competitiveness (Committee on STEM Education [CoSTEM],
2013; National Academy of Sciences [NAS], National Academy of Engineering [NAE], &
Institute of Medicine [IOM], 2007; 2010; U.S. Department of Education, Office of Innovation
and Improvement, 2016; President's Council of Advisors on Science and Technology [PCAST],
2012).
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Demand and Underrepresentation
In 2007, leaders in economics, industry, science, and education released detailed
recommendations amid concerns for the United States’ continued global leadership in science
and innovation in the report Rising Above the Gathering Storm (NAS et al., 2007). The
committee’s first recommendation entailed “vastly improving K-12 science and mathematics
education” (NAS et al., 2007, p. 5). Three years later, the committees doubled down on this
recommendation (NAS et al., 2010). In 2012, the United States President's Council of Advisors
on Science and Technology (PCAST, 2012) furthered the emphasis on STEM by projecting that
demand for STEM workers would soon outstrip supply and called for one million more STEM
professionals than the United States was expected to produce by 2020. Accomplishing this goal
was to be led by improvements in STEM education, including the recruitment and retention of
talented youth—especially females, racial/ethnic minorities, and students of low socioeconomic
status (SES), who continue to be underrepresented in STEM degrees and professions (National
Science Foundation [NSF] & National Center for Science and Engineering Statistics [NCSES],
2017).
Underrepresentation of women, racial/ethnic minorities, and individuals of low SES in
STEM has been a particular area of concern (CoSTEM 2013; NAS et al., 2007, 2010; PCAST,
2012; U.S. Department of Education, Office of Innovation and Improvement, 2016). The current
national STEM workforce is disproportionally White or Asian and male. As of 2014, despite
making up roughly 66 percent of the working population in the United States, women,
Black/African Americans, Hispanic/Latin Americans, Native Americans, and Pacific Islanders
constitute only 47 percent of the national STEM workforce. While women now earn 57 percent
of all bachelor’s degrees, their participation in physical, computer, and quantitative sciences
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remains relatively low compared to their male counterparts; women earn 40 percent of
bachelor’s degrees in mathematics and statistics and only 20 percent or less of bachelor’s degrees
in each of computer sciences, engineering, and physics. However, women make up this low
participation with proportionally greater attainment in biosciences (58 percent), psychology (70
percent), and social sciences (55 percent) to close the gap with men if one considers a broad
definition of STEM (NSF & NCSES, 2017).
Despite the overall progress for women, the STEM attainment gap remains wide for
underrepresented racial/ethnic minorities (URMs). URMs’ share of STEM bachelor’s degrees
has grown 7 percent over the past 20 years but is still only around 20 percent (NSF & NCSES,
2017). Considering racial/ethnic minorities are projected to outnumber non-Hispanic Whites by
2044 (Colby & Ortman, 2015), this growth rate will fall well short of narrowing the attainment
gap in STEM and furthermore threatens the nation’s ability to meet projected labor demands
(Research Consortium on STEM Career Pathways, 2016).
Along with URMs, students from low SES backgrounds are less likely to graduate from
high school, enter college, and complete degrees (Kena et al., 2015). However, it remains unclear
how SES relates to STEM attainment specifically (Niu, 2017). In any case, lower educational
attainment of URMs and economically disadvantaged students has been cited as a major concern
for leveling social and economic inequalities in the United States (Carter, 2006; PCAST, 2012)
as STEM graduates continue to be among the highest wage earners compared with graduates of
other fields (NACE, 2018b).
Achievement and Persistence
To strengthen and diversify the national STEM workforce, past policy (e.g., No Child
Left Behind, 2002) and recommendations (NAS et al., 2007, 2010) have largely focused on
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improving student performance on standardized tests and tackling achievement gaps. While the
STEM education literature acknowledges the importance of promoting young people’s ability in
STEM subjects, some (e.g., Wai, Cacchio, Putallaz, & Makel, 2010) argue that achievement
differences alone are insufficient to explain underrepresentation in STEM. Furthermore, others
(e.g., Andersen & Chen, 2016; Maltese & Tai, 2011) question the effectiveness of an emphasis
on improving student achievement over promoting other critical factors, such as positive
attitudes towards STEM. Students who have demonstrated high ability in mathematics are not
necessarily motivated to pursue careers in STEM (Andersen & Chen, 2016; Andersen & Cross,
2014), and those who initially are can be at risk of losing motivation, regardless of high
performance (Geisinger & Raman, 2013).
It is estimated that only half of all students entering four-year colleges with STEM major
plans end up completing bachelor’s degrees in STEM fields, and attrition rates at two-year
colleges is even higher (Chen, 2013). Furthermore, persistence in STEM is a prominent issue for
underrepresented groups—women, racial/ethnic minorities, and students of low SES
backgrounds—who leave STEM majors at a disproportionally high rate (Anderson & Kim, 2006;
Bailyn, 2003; Blickenstaff, 2005; Geisinger & Raman, 2013; Kulis & Sicotte, 2002). Research
has linked attrition in STEM to diminishing positive attitudes towards STEM subjects
(Aschbacher, Li, & Roth, 2010; Eastman, Christman, Zion, & Yerrick; 2017; Mangu, Lee,
Middleton, & Nelson, 2015; Walden & Foor, 2008; M.-T. Wang, Chow, Degol, & Eccles, 2017).
In response, more recent efforts have recommended not only focusing on student achievement
but also on garnering and maintaining positive attitudes towards STEM (CoSTEM, 2013;
PCAST, 2012; U.S. Department of Education, Office of Innovation and Improvement, 2016).
However, this approach does not come without its challenges. Declining feelings of enjoyment
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and importance of school subjects is particularly pronounced in STEM—especially mathematics
(Eccles et al., 1983; Gottfried, Fleming, & Gottfried, 2001; Jacobs, Lanza, Osgood, Eccles, &
Wigfield, 2002).
Significance of the Study
A large body of research has linked attitudes towards mathematics and science to
students’ STEM-related outcomes, including achievement, course-taking, college major, or
career choices. Several studies have shown that students who report more positive attitudes
towards STEM subjects are more likely to achieve at higher levels in mathematics (Carolan,
2016; Greene, DeBacker, Ravindran, & Krows, 1999; Kotok, 2017; Meece, Wigfield, & Eccles,
1990; Simpkins, Davis-Kean, & Eccles, 2006), complete a greater number of mathematics and
science courses in high school (Froiland & Davison, 2016; Meece et al., 1990; Simpkins et al.,
2006; M.-T. Wang, 2012; X. Wang, 2013), express interest in STEM careers (Andersen & Ward,
2014; Gottlieb, 2018; M.-T. Wang, 2012; X. Wang, 2013), enroll in STEM degree programs
(Ethington & Wolfe, 1998; Federman, 2007; Maple & Stage 1991; Trusty, 2002; Ware & Lee,
1988), complete STEM degrees (Ma, 2011; Maltese & Tai, 2011), and find employment in
STEM occupations (Eccles & Wang, 2016; M.-T. Wang, Degol, & Ye, 2015). Moreover, many
of these studies suggest that it is not STEM achievement but STEM attitudes which have a
greater impact on students’ choices regarding STEM courses, college majors, and careers
(Andersen & Ward, 2014; Ethington & Wolfe, 1998; Federman, 2007; Gottlieb, 2018; Ma, 2011;
Maltese & Tai, 2011; Meece et al., 1990; Trusty, 2002; M.-T. Wang, et al., 2015; X. Wang,
2013). However, attitude is a broad concept and there is a lack of consensus on what specific
types of attitudes most directly impact students’ STEM outcomes and how to best promote them.
Furthermore, differences in attitudes across racial/ethnic and SES groups that may help to
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explain underrepresentation are not well understood (Andersen & Ward, 2014; Litzler,
Samuelson, & Lorah, 2014).
Theoretical Perspective
To delineate the various attitudes that motivate STEM outcomes, the research employed
the Eccles et al. expectancy-value model of motivated achievement and choice behavior (Eccles,
2009; Eccles et al., 1983; Wigfield & Eccles, 1992). The basic proposition of expectancy-value
theory is that individuals’ achievement performance, persistence, and choice of achievementrelated tasks are most proximally determined by how confident the individual is that they will
succeed on those tasks (expectancies for success) and how much incentive value they place on
those tasks (subjective task values). Tasks in which higher expectancy for success and higher
subjective value are placed are more likely to be undertaken, while tasks with lower expectancy
and value tend to be avoided (Eccles et al., 1983). Expectancy for success is similar to Bandura’s
(1977, 1997) notion of self-efficacy (Wigfield & Eccles, 1992); this will be further discussed in
Chapter 2. Subjective task values are posited to consist of four aspects: the relation of the task to
one’s self-image (identity value); the anticipated interest or enjoyment from engaging in the task
(interest-enjoyment value); the perceived usefulness of the task for fulfilling personal goals
(utility value); and the perceived negative aspects of the task (cost), such as excess time and
effort spent (Eccles, 2009).
The Eccles et al. model also describes determinants of expectancies and values.
Expectancies and values themselves are held to be influenced by various social, cultural, and
experiential factors. These include personal background characteristics, past learning
experiences, and interpretations of key socializers’ (e.g., peers, parents, teachers) expectations,
beliefs, attitudes, and behavior. According to the model, expectancies and values determine
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achievement and choice behavior most directly while these influences determine behavior
indirectly through expectancies and values. In other words, sociocultural and educational
experiences shape students’ expectancies and values which in turn motivate their performance
and choices. Thus, expectancies and values are held as the principal mediators of individuals’
achievement and choice outcomes (Eccles et al., 1983).
Strengths of the Theory
The Eccles et al. model was chosen for its particular strengths, including its suitability for
the investigation of how attitudes towards STEM develop throughout high school and motivate
STEM achievement, course-taking, and career plans. Other strengths of the theory are that it is
inclusive, comprehensive, and has withstood empirical testing. The theory is inclusive as it
incorporates elements of other major motivational theories, including Bandura’s (1977) selfefficacy perspective, Deci’s (1975) notions of intrinsic and extrinsic motivation, and perspectives
on personal identities (see James, 1892/1963) and collective identities (e.g., within gender,
racial/ethnic, and social class groups; see Ashmore, Deaux, & Mclaughlin-Volpe, 2004; Cross,
1991; Phinney, 1990; Sellers et al., 1998). The theory is comprehensive in the sense that it
describes various social, cultural, and experiential factors that influence individual attitudes and
indirectly motivate subsequent achievement and choices (Eccles et al., 1983). Finally, decades of
research by Eccles and her colleagues has shown their expectancy-value model to be successful
at explaining students’ achievement and choice motivation, albeit for a largely White middleclass population (Eccles et al., 1983; Eccles & Wang 2016; Eccles, Updegraff, Barber, O'Brien,
2016; Updegraff, Eccles, Barber, & O'Brien, 1996; M.-T. Wang 2012).
Additionally, it is important to note that this theory was chosen over others because it
supports a more nuanced approach to the multiple ways in which students value STEM. The
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major competing theory, social cognitive career theory (see Lent, Brown, & Hackett, 1994),
treats these attitudes as a single construct, namely interest-enjoyment value.
Strengths of the Study
Decades of empirical research by Eccles and her colleagues (e.g., Eccles et al., 1983;
Eccles & Wang 2016; Eccles, Updegraff, Barber, O'Brien, 2016; Meece et al., 1990; Simpkins,
Davis-Kean, & Eccles 2006; Updegraff, Eccles, Barber, & O'Brien, 1996; M.-T. Wang, 2012;
M.-T. Wang et al., 2017) have shown the Eccles et al. expectancy-value model to be useful for
explaining students’ achievement, course-taking, and career plans. However, their research has
been limited to one metropolitan area where the population is largely White and middle class.
Evidence representative at the national level is growing but is still limited by studies lacking
longitudinal designs (e.g., Andersen & Ward, 2016; Gottlieb 2018) or sufficient sample sizes to
examine differences across relatively smaller subpopulations, such as racial/ethnic and SES
groups (e.g., M.-T. Wang, Degol, & Ye, 2015). The present study seeks to address this gap to
better understand underrepresentation in STEM.
Other strengths of this research include the mediation and multidimensional treatment of
attitudes towards STEM. The Eccles et al. model specifies multiple, distinct motivational
attitudes that influence students’ achievement and choice behavior, and research has shown that
these attitudes can be distinguished empirically (Eccles & Wigfield, 1995). Previous national
studies are limited by not considering the multiple, distinct attitudes that students hold towards
STEM (e.g., Ethington & Wolfe, 1998; Froiland & Davison, 2016; Ma, 2011; Maple & Stage
1991; Ware & Lee, 1988; X. Wang, 2013). Furthermore, according to the Eccles et al. model,
expectancies and values mediate achievement and choices. The strength of this model is that it
explains the connection between students’ experiences and their STEM outcomes via
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expectancy-value attitudes. Studies that incorporate both multidimensional treatments of
attitudes and nationally representative samples (e.g., Andersen & Ward, 2016; Gottlieb 2018) are
limited by not using statistical techniques that examine meditative role of expectancies and
values.
Purpose and Summary of Research Questions
The present study aims to better understand U.S. high school students’ attitudes towards
mathematics and science and how these attitudes relate to their achievement, course taking, and
college major choices in STEM. The purpose of the research was twofold: (a) to assess the
efficacy of the Eccles et al. expectancy-value model to describe U.S. high school students’
motivation in STEM and (b) to identify differences across gender, race/ethnicity, and SES that
may help to explain why certain groups are underrepresented in STEM. In brief, the following
research questions were investigated:
1. Why do some students in the U.S. decide to major in STEM while others do not? More,
specifically, to what extent is this decision due to attitudes towards math and science?
2. Are certain attitudes more important than others?
3. What factors influence students’ attitudes?
4. Can differences in attitudes help to explain why women, non-Asian minorities, and
individuals from lower socioeconomic backgrounds are underrepresented in STEM?
The variables and relationships examined in the study are represented in Figure 1. Students’
STEM-related expectancy attitudes were represented by their mathematics and science selfefficacy (confidence in their ability to do well in math/science class) while their STEM-related
value attitudes were represented by their mathematics and science identity (seeing themselves as
a math/science person), interest (enjoying math/science class), and utility (seeing math/science as
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useful). Factors influencing student’s attitudes were broken into two sets: socialization and
educational experiences. Socialization variables included parents’ educational attainment
expectations for their student and parents’ mathematics and science self-efficacy (confidence in
helping with math/science homework). Educational experiences encompassed students’ prior
mathematics achievement, perceived mathematics and science teacher support, and participation
in STEM-related extracurricular activities.
Figure 1
Hypothesized Model of STEM Motivation

Note. Adapted from Eccles et al. (1983).

Ultimately, this research seeks to help inform educational policy and practice on how to best
recruit, not only highly-capable but highly-motivated young people from a variety of
backgrounds into the national STEM workforce.
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Equity
While the current study focuses on the influence of motivational attitudes and students’
STEM choices, it is recognized that the underrepresentation of females, racial/ethnic minorities,
and students of low SES in STEM degrees and occupations is not solely based on personal
choice but also due to structural inequalities. Individuals of lower socioeconomic backgrounds
and URMs are more likely to attend under-resourced schools where they have less access to
quality coursework and instruction (Organisation for Economic Co-operation and Development
[OECD], 2016; Schmidt, Burroughs, Zoido, & Houang, 2015; U.S. Department of Education,
Office of Civil Rights, 2014). Consequently, these groups leave high school less prepared for
STEM degrees and professions by completing fewer and less advanced courses in STEM
subjects, despite finding these courses equally as relevant to their future careers (Research
Consortium on STEM Career Pathways, 2016). This research will not only investigate the impact
of learning experiences on students’ attitudes and STEM outcomes but also examine which
students have access to these potentially influential learning opportunities. Thus, this dissertation
research project aims to further equity research by examining the extent to which educational
inequities and their relation to motivational attitudes explain underrepresentation in STEM for a
nationally representative sample of high schoolers.
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CHAPTER 2
LITERATURE REVIEW
The proposed research aims to better understand the development of high schoolers’
STEM motivation in the United States. Expectancy-value theory is used to frame the research.
This chapter first provides a more detailed overview of expectancy-value theory, with focus on
the Eccles et al. (1983) model. Then, empirical support for this model is reviewed in the context
of STEM. Research is reviewed in three main parts. The first part examines the efficacy of
expectancies and values in predicting students’ STEM outcomes, including achievement, coursetaking, and college major/career choices. The second part examines sociocultural and
educational experiences that shape students’ expectancies and values and how these influential
experiences differ for underrepresented groups. The last part examines patterns in how
expectancy and values change over time and how different trajectories relate to students’ STEM
outcomes.
Overview of Expectancy-Value Theory
Expectancy-value theory is a social cognitive theory first introduced by psychologist
John William Atkinson (1957). The basic proposition is that individuals’ achievement
performance, persistence, and choice of achievement-related tasks are most proximally
determined by how confident the individual is that they will succeed on those tasks (expectancies
for success) and how much incentive value they place on those tasks (subjective task values).
Since Atkinson’s seminal work, expectancy-value theory has been applied in various settings as
diverse as consumer research (Kempen et al., 2017), health communication (Ludman, Curry,
Meyer, & Taplin, 1999; Purvis Cooper, Burgoon, & Roter, 2001), occupational psychology
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(Feather, 1992), and sports marketing (Shoham, Rose, & Kahle 1998). Jacquelynne Eccles and
her colleagues expanded Atkinson’s (1957) original work in the field of education (see Eccles,
2009; Eccles et al., 1983; Wigfield & Eccles, 1992). Their efforts have helped to grow
expectancy-value theory into a dominate theory of achievement and choice motivation (Eccles,
2009).
Early applications in education are seen in Battle (1965, 1966) and Crandell, Katkovsky,
and Preston (1962). Battle (1965) found that seventh-, eighth-, and ninth-grade students with
higher expectancies and values were more likely to persist in a mathematics task and students
with lower expectancies were less likely. Similarly, Battle (1966) found that higher expectancies
and values predicted higher achievement in English and in mathematics. Support for
expectancies and values as predictors of achievement-related choices surfaced in Crandall and
colleagues’ (1962) study involving elementary school students’ choice of free-time activities.
While the researchers found expectancies and values to be related to students’ choice behavior,
the effects differed for boys and girls. From there, gender differences emerged as a reoccurring
theme in the research literature (Wigfield & Eccles, 1992).
In these early studies, researchers treated value one-dimensionally, in terms of the
importance to the individual of achievement in a given task. However, Feather (1982) argued
that individuals value tasks in multiple distinct ways. He urged expectancy-value theorists should
specify these multiple dimensions and examine their determinants. In response to these
criticisms, Eccles and others (1983) expanded the definitions subjective task values to consist of
four subcomponents, which have later been reconceptualized by Eccles (2009). These include:
identity value (relation of the task to one’s self or identity), interest-enjoyment value (anticipated
interest or enjoyment from engaging in the task), utility value (perceived usefulness of the task
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for fulfilling personal goals), and cost (perceived negative consequences, such as excess time and
effort spent on the task). Eccles and her colleagues (1983) further recognized the importance of
considering influences like gender and described various personal and sociocultural factors that
directly influence individuals’ expectancies and values. This model will be referred to as the
Eccles et al. expectancy-value model and will be the focus of the proposed study. (To note,
Eccles and her colleagues [e.g., Eccles, 2009; Wigfield & Eccles, 1992] refer to the first value
construct as attainment value, however the proposed study will use the term identity value as this
is more evocative of Eccles’ [2009] definition and is more familiar to STEM education research
audiences.)
Expectancies for Success
The first major determinant of choice behavior in the Eccles et al. model refers to an
individual’s confidence in their ability to successfully perform a future activity. According to the
model, students tend to select those achievement-related activities in which they believe they will
be successful and avoid those in which they fear they will be unsuccessful (Eccles et al., 1983).
Expectancies are gauged by students comparing their performances with those of other students
and with their own performances across subject areas. Hence, expectancies for success are
relative not absolute (Eccles, 2009). Consequently, researchers typically define and measure
expectancies particular to certain domains (Wigfield & Eccles, 1992). In this way, expectancy is
similar to the construct of self-efficacy (see Bandura, 1977, 1997). The main difference between
the two concerns the level of specificity in which they are measured. Expectancy tends to be
measured more broadly; items ask students how well they expect to do in a particular domain in
general, such as mathematics. Self-efficacy, on the other hand, tends to be measured more
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specifically; items ask students how well they expect to do on explicit tasks in a domain, such as
algebra tests or homework (Wigfield & Eccles, 1992).
Subjective Task Values
The second major determinant of choice behavior, subjective task value, is based on
personal values and goals. The expectancy-value model holds that students tend to select those
achievement-related activities they positively value and avoid those they negatively value
(Wigfield & Eccles, 1992). Similar to expectancies for success, subjective task values are
relative; students assess the value of various options by comparing their own values to those of
others and their values across academic subject areas (Eccles, 2009). These comparisons help
students answer questions like: Would this activity be useful for my future, or would it be a
waste of time and effort? Would I enjoy this activity? and Do others like me do this activity?
Such questions illustrate four different aspects of task value (Eccles et al., 1983) for which the
proposed study will refer to as identity value, interest-enjoyment value, utility value, and cost.
Identity value. Identity value is the importance that students attach to a given task based
on their identity, or self-image (Eccles, 2009). According to Eccles (2009), students tend to
select those achievement-related activities that are seen as consistent with their identities and
avoid the ones that are seen as inconsistent. Individual identities can be personal (sense of self as
unique, apart from others) or collective (sense of self as part of a group) and can be composed of
personality and capability conceptions, long-range goals and plans, and images of what one
should ideally be or behave like (Eccles, 2009).
Interest-enjoyment value. Interest-enjoyment value is the value that students attach to a
given task based on their anticipated enjoyment or personal interest in the task or discipline to
which the task is perceived to be related (Wigfield & Eccles, 1992). The expectancy-value model
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holds that students tend to select those achievement-related activities in which they place higher
interest-enjoyment value (Eccles et al., 1983). Eccles (2009) notes that tasks which start out of
pure interest or enjoyment can evolve one’s identity as that task, and others like it, are pursued
further. For example, a student may first decide to take a course in animal science because they
wish to satisfy their innate interest in the animal world; then as they follow their interests and
take more similar courses, they may grow to consider themselves a biology person.
Utility value. Utility value is the value that students attach to a given task based on the
perceived usefulness or relevance of the task as it relates to their future goals (Wigfield &
Eccles, 1992). According to the expectancy-value model, students tend to select those
achievement-related tasks they perceive to be useful for their goals and avoid those that are seen
to not be relevant (Eccles et al., 1983). The distinction between this component and interestenjoyment value is that utility value captures more extrinsic reasons for motivation (i.e.,
motivated to reach some desired end-state), while interest-enjoyment value captures more
intrinsic reasons (i.e., motivated in a task for its own sake; Wigfield & Eccles, 1992). For
example, a student may value calculus because they feel that the course would be helpful for
getting into college despite not being inherently interested in furthering their mathematical
curiosities. In this case, the high utility value of calculus would outweigh the negative or neutral
interest-enjoyment value.
Cost. Cost is the value that students attach to a given task based on the anticipated
negative personal consequences resulting from engaging in the task. These can include fear of
failure, of being socially ostracized, or of wasting time and energy on the task over an
alternative—all of which contribute to a higher task cost. According to the expectancy-value
model, options that are perceived to be of high cost are likely avoided (Eccles et al., 1983). Thus,
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while the first three components (identity, interest-enjoyment, and utility value) of subjective
task value are taken to be positively associated with task engagement (higher values towards a
task increase the likelihood of performing that task and more negative values decrease the
likelihood), cost, on the other hand, is conceptualized as a negative predictor.
Expectancy-Value Theory and STEM
In this section, the Eccles et al. expectancy-value model (Eccles, 2009; Eccles et al.,
1983; Wigfield & Eccles, 1992) is reviewed in the context of STEM. First, empirical evidence
for the relationship between students’ STEM expectancy-value attitudes and their STEM
outcomes is summarized. Then, literature on factors that influence how students’ STEM
expectancies and values develop and change over time is reviewed. A general overview of the
featured studies (samples and methods) is provided in Appendix A.
Definitions of STEM
Before discussing findings, it is important to note that research in STEM education does
not have a shared definition of STEM. Most studies reviewed had similar definitions. Fields
within STEM most often included physical and life sciences; computer and information sciences;
engineering and engineering technologies; mathematics and statistics. Slight differences arose
with some studies also considering social sciences (e.g., Andersen & Ward, 2014; Gottlieb,
2018), mathematics or science teachers (e.g., M.-T. Wang, 2012; Aschbacher, Li, & Roth, 2010),
or others defining STEM in terms of how much mathematics and science knowledge occupations
require (e.g., Watt et al., 2015). Whether studies considered psychology, architecture, or
health/medical sciences was not always explicit.
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Expectancies and STEM Outcomes
Research in STEM education typically studies students’ expectancies for success in
STEM in terms of students’ self-perceptions about their ability in mathematics (e.g., Eccles &
Wang, 2016; Lee, 2017; Ma, 2011; Maltese & Tai, 2011; Trusty, 2002; Watt et al., 2015; M.-T.
Wang 2012; M.-T. Wang, Degol, & Ye, 2015; X. Wang, 2013). However, some have also
investigated self-perceptions about ability in science (e.g., Andersen & Ward, 2014; Eastman,
Christman, Zion, & Yerrick, 2017; Gottlieb, 2018; Mangu, Lee, Middleton, & Nelson, 2015;
Simpkins, Davis-Kean, & Eccles, 2006). These two types of STEM-related expectancies for
success will be referred to as mathematics self-efficacy and science self-efficacy, regardless of the
specificity in which they were measured.
Mathematics self-efficacy. Mathematics self-efficacy has been linked to a range of
STEM choice outcomes. Research has found that students’ who are more confident in their
mathematical ability are more likely to take more mathematics courses in high school (Simpkins
et al., 2006; M.-T. Wang, 2012), express interest in STEM careers (M.-T. Wang, 2012), plan to
major in STEM (X. Wang, 2013), enroll in STEM degree programs (Lee, 2017), complete
STEM degrees (Ma, 2011; Maltese & Tai, 2011), and attain STEM occupations (Eccles & Wang,
2016). With regard to achievement outcomes, the influence of ability self-perceptions is well
documented. Studies have consistently shown that students who report higher levels of
mathematics self-efficacy tend to outperform students who report lower levels (Battle, 1966;
Flake, Barron, Hulleman, McCoach, & Welsh, 2015; Greene, DeBacker, Ravindran, & Krows,
1999; Kalaycioglu, 2015; Kotok, 2017; Simpkins et al., 2006; Yu & Singh, 2016). Kalaycioglu
(2015) concluded that mathematics self-efficacy was the most important predictor of students’
mathematics achievement on the 2012 Program for International Student Assessment (PISA)
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across all six counties examined (Greece, Hong Kong, Netherlands, Turkey, United Kingdom,
and the United States).
Science self-efficacy. Some research has also linked science self-efficacy to students’
STEM career and college major plans (e.g., Aschbacher, et al., 2010; Eastman et al., 2017;
Gottlieb, 2018; Mangu, et al., 2015). Gottlieb (2018) and Mangu et al. (2015) found that ninthgrade students who were more confident that they could understand difficult material and do well
on homework and tests in science class were more likely to report STEM career intentions.
Results concerning science course-taking are inconsistent. Simpkins et al. (2006) found science
self-efficacy in tenth grade to predict the number of physical science courses completed by
twelfth grade.
While several studies have found mathematics or science self-efficacy to have a
significant effect on students’ STEM choice outcomes, not all have. Some studies have not found
mathematics or science self-efficacy to have significant effect on course-taking (Eccles et al.,
1998; Updegraff et al., 1996) or career intentions (Andersen & Ward, 2014; Gottlieb, 2018; Watt
et al., 2017). Trusty (2002) found mathematics self-efficacy to have a significant effect on STEM
degree enrollment for males but not for females.
Despite these inconsistent findings in quantitative research, interviews suggest that
students with high confidence in their mathematics or science abilities tend to persist in their
STEM career intentions, while those who grow less confident tend to rethink their plans
(Aschbacher, et al., 2010; Eastman, et al., 2017; Walden & Foor, 2008). Furthermore, a metaanalysis of 143 studies by Lent and colleagues (2018) suggests that self-efficacy has a significant
positive effect on students STEM choice outcomes, regardless of their gender or race/ethnicity.
However, Lent et al. (2018) employed a social cognitive career theory model of STEM choice
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(see Lent, Brown, & Hackett, 1994) which does not examine other motivational attitudes outside
of self-efficacy and interest.
Subjective Task Values and STEM Outcomes
Research suggests that a possible explanation for the inconsistent finding concerning the
impact of expectancies for success on students’ STEM choices is that once other attitudes (e.g.,
identity, interest-enjoyment, utility, and cost) are accounted for, expectancies have less of a
measurable effect on students’ STEM coursework and career choices (Andersen & Ward, 2014;
Eccles, et al., 1998; Meece, Wigfield, & Eccles, 1990; Updegraff, et al., 1996; M.-T. Wang et al.,
2015; Watt et al., 2015). In either case, it appears that relative to expectancies, task values are
more closely related to STEM choice outcomes (Beier et al., 2018; Flake et al., 2015; Gottlieb,
2018; Maltese & Tai, 2011; M.-T. Wang, 2012). While on the other hand, expectancies are more
closely related to STEM achievement outcomes (Flake, et al., 2015; Greene et al., 1999; Meece
et al., 1990; Simpkins et al., 2006; M.-T. Wang, 2012).
Research has found that high school students who place higher value on mathematics go
on to take more mathematics and science courses (Froiland & Davison, 2016; M.-T. Wang,
2012; X. Wang, 2013), express interest in STEM careers (M.-T. Wang, 2012), enroll in STEM
degree programs (Ethington & Wolfe, 1998; Maple & Stage 1991; Ware & Lee, 1988), and find
employment in STEM occupations (M.-T. Wang et al., 2015). These researchers however,
treated task values as a single variable composed of some or all aspects of value and only related
to mathematics. Important for the proposed investigation—which aims for a deeper analysis of
attitudes affecting choice—is that the fewer studies that do analyze multiple aspects of value
suggest that the significance of the effects of values on STEM choice can differ by aspect of
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value (Andersen & Ward, 2014; Beier et al., 2018; Eccles, et al., 1998; Federman, 2007;
Gottlieb, 2018; Updegraff, et al., 1996; Watt et al., 2015).
Mathematics identity value. There is limited research on the role that mathematics
identity value plays in students’ STEM outcomes. Gottlieb (2018) found that ninth-grade
students who saw themselves as math persons and perceived that others did as well were more
likely to report STEM career intentions. However, Andersen and Ward (2014) did not find this
effect to be significant for high-achievers from the same population. Meece et al. (1990) found
that students who felt that mathematics and being good at mathematics was important to them
were more likely to plan for taking further mathematics coursework. There is some research
(e.g., Carolan 2016; Kotok 2017) to suggest that mathematics identity has a positive effect on
students’ mathematics achievement.
Science identity value. Science identity has received more attention in STEM education
research. Several studies have found that students who see themselves as science persons and
perceive that others do as well tend to express STEM career interest (Aschbacher, et al., 2010,
Andersen & Ward, 2014; Eastman et al., 2017; Gottlieb, 2018). Notably, some (e.g., Andersen &
Ward, 2014; Gottlieb, 2018) suggest that science identity is in fact the strongest expectancyvalue predictor of STEM career intentions.
Mathematics interest-enjoyment value. Results concerning the impact of mathematics
interest on students’ STEM outcomes have been inconsistent. Simpkins et al. (2006) found that
tenth graders who felt that their mathematics class was interesting and that they liked doing
mathematics to a greater extent were more likely to complete a greater number of mathematics
courses by twelfth grade. Watt et al. (2015) found that males who reported greater interest or
enjoyment in mathematics in ninth grade were more likely to consider pursuing STEM careers in
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twelfth grade; for females however, mathematics interest-enjoyment was not predictive. Other
studies suggest that mathematics interest-enjoyment value does not have a significant effect on
students’ STEM course-taking (Eccles et al., 1998; Federman, 2007; Updegraff, et al., 1996),
career aspirations (Andersen & Ward, 2014; Gottlieb, 2018), or college major plans (Federman,
2007). Regarding the effect of mathematics interest-enjoyment value on mathematics
achievement, studies have mostly found positive effects (Carolan & Mathews, 2015; Greene et
al., 1999; Simpkins et al., 2006), however Middleton (2015) found a negative effect.
Science interest-enjoyment value. Findings concerning the influence of science interestenjoyment value on students’ STEM outcomes are also inconsistent: studies have found positive
(Maltese & Tai, 2011; Simpkins et al., 2006), nonsignificant (Andersen & Ward, 2014; Beier et
al., 2018), and negative (Gottlieb, 2018; Federman 2007) effects. Maltese and Tai (2011) found
that twelfth-grade students who reported higher levels of interest in science were more likely to
go on to complete degrees in STEM fields. Simpkins et al. (2006) found that tenth graders who
felt that science class was interesting and that they liked doing science to a greater extent were
more likely to complete a greater number of physical science courses by twelfth grade. In
contrast, Federman (2007) found that eighth graders who reported that they looked forward to
science class were less likely to complete more science courses in high school, and males were
less likely to enter STEM degree programs in college. Andersen & Ward (2014) and Beier et al.
(2018) did not find the degree to which students felt that their science classes were interesting or
enjoyable to predict STEM career aspirations.
The disagreement regarding the impact of mathematics and science interest-enjoyment
value may be due in part to the variety of ways in which these values are measured. Maltese and
Tai (2018) found student interest in science to have a positive effect of STEM degree attainment
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but looking forward to science class did not. A possible explanation for these differences, which
some (e.g., Andersen & Ward, 2014; Bøe, & Henriksen, 2015) have raised, is that interestenjoyment of mathematics and science as experienced in school may not necessarily be related to
interest or enjoyment of mathematics and science in other contexts, such as real-world
applications. Students may perceive mathematics and science in these contexts to be more related
to the work of STEM professionals, perhaps it is these attitudes that more directly inform
students choices about pursuing occupations in STEM.
Mathematics utility value. Studies have linked valuing the utility of mathematics to
students’ STEM choice outcomes (e.g., Eccles et al., 1998; Federman, 2007; Gottlieb, 2018;
Greene et al., 1999; Simpkins et al., 2006; Updegraff, et al., 1996; Watt et al., 2015). Some have
shown that students who perceive mathematics to be more important or useful (e.g. for college or
career) in high school are more likely to complete more mathematics courses (Eccles et al., 1998;
Updegraff, et al., 1996) and aspire to STEM careers (Gottlieb, 2018). However, others have not
found mathematics utility value to predict high school mathematics course-taking (e.g.,
Federman 2007; Simpkins et al., 2006). There is some evidence to suggest the effect of
mathematics utility value on students’ STEM outcomes may be moderated by gender. Federman
(2007) and Watt et al. (2015) found early mathematics utility value to positively predict later
STEM major or career intentions for males, but for females, Watt et al (2015) did not find the
effect to be significant and Federman (2007) found the effect to be negative. Research on the
relationship between mathematics utility value and mathematics achievement is scarce. Two
studies have concluded that with mathematics self-efficacy and interest-enjoyment value
accounted for, mathematics utility value is not predictive of mathematics achievement (Greene et
al., 1999; Simpkins et al., 2006).
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Science utility value. There is also research linking the utility of science to students
STEM choice outcomes. Studies have found that students who feel that science is personally
relevant and useful tend to complete more science coursework in high school (Eccles et al.,
1998; Federman, 2007; Simpkins et al., 2006), plan to major in STEM fields (Federman, 2007;
Maltese & Tai, 2011), persist in STEM career aspirations (Aschbacher, et al., 2010; Beier et al.,
2018), and attain STEM degrees (Maltese & Tai, 2011). In contrast, Gottlieb (2018) did not find
science utility value to predict students’ STEM career plans. Andersen and Ward (2104) found
mathematics and science utility value to predict high-achieving students’ STEM career intentions
only for Latinx Americans.
STEM Cost. Cost has been relatively neglected in the research literature (Flake et al.,
2015). However, some have found perceptions of mathematics and/or science as more costly to
be negatively related to STEM outcomes (Flake et al., 2015; Gottlieb, 2018; Mangu et al., 2015;
Walden & Foor, 2008). Students who fear that investing time and effort into excelling at
mathematics and science would take away from other activities are less likely to report STEM
career interests (Gottlieb, 2018) and persist in STEM major or career plans (Aschbacher, et al.,
2010; Mangu et al., 2015). Students also cite experiences in STEM courses perceived to be
particularly difficult as reasons for rethinking their STEM major or career plans (Aschbacher, et
al., 2010; Eastman et al., 2018; Walden and Foor, 2008). Flake and colleagues (2015)
operationalized mathematics cost to be comprised of high effort demands, competing outside
efforts, loss of valued alternatives, and emotional cost. The researchers found this notion of cost
to be negatively related to both mathematics achievement and STEM career interest.
Anxiety towards mathematics (e.g., fear or dread about performing mathematics tasks) is
one aspect of cost that has received more attention in the literature. Hembree’s (1990) meta-
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analysis of 151 studies concluded that higher levels of mathematics anxiety are related to poor
performance on mathematics achievement tests and avoidance of further mathematics
coursework. International comparisons suggest that mathematics anxiety is particularly
pronounced in the United States (Kalaycioglu, 2015).
Influences on Students’ Expectancies and Values
Reviewing the STEM education research suggests that expectancies and values predict
important STEM outcomes, but how are these attitudes shaped? The Eccles et al. model
recognizes that students’ motivation is neither static nor shaped in isolation but develops within
social and cultural contexts and is subject to change in light of new experiences (Eccles et al.,
1983). According to the Eccles et al. (1983), students’ personal background, past learning
experiences, as well as the beliefs and values of key socializers and greater society influence
students’ expectancies and values (Eccles, 2009). The model specifies that expectancies and
values most proximally determine students’ achievement and choices while these factors work to
indirectly influence students’ achievement and choices through expectancies and values. In other
words, sociocultural and educational experiences shape students’ expectancies and values which
in turn influence how well students do and the choices they make. Thus, the model holds that
expectancies and values are the principal mediators of students’ experiences on their
achievement and choice behavior (Eccles et al., 1983). Practically, this means that to understand
group differences in STEM outcomes, one can examine differences in experiences that shape
motivational attitudes. The following sections review research supporting this notion.
Personal background. Research has shown that attitudes towards STEM differ across
gender, race/ethnicity, and socioeconomic status (SES), however these differences tend to be
small (M.-T. Wang & Degol, 2013). Groups well-represented in STEM (males, Whites, Asian
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Americans, and individuals from higher SES backgrounds) tend to have higher expectancies for
success in STEM and place higher value on STEM subjects (Andersen & Ward, 2014; Froiland
& Davison, 2016; M.-T. Wang et al., 2015). Research suggests that these differences can be
explained in part to socialization influences and inequities with respect to access to quality
coursework and instruction (discussed further below).
Gender beliefs. Beliefs surrounding STEM—whether true or not—shape students’
attitudes and impact career choices (Aschbacher et al., 2010; Eastman et al., 2017; Eccles, 2006;
Walden & Foor, 2008). Research indicates that adolescents are aware of the stereotypes that
males tend to be better at mathematics and science than females and that STEM-related
professions are stereotypically masculine (M.-T. Wang & Degol, 2013). Moreover, holding these
beliefs is negatively related to motivation in STEM (Greene et al., 1999). Males who hold these
beliefs tend to overestimate their abilities in STEM and females tend to underestimate them (M.T. Wang & Degol, 2013). Therefore, the proliferation of gender stereotypes in STEM may
explain two common findings in the literature. The first of these is that males tend to report
higher levels of mathematics self-efficacy than females, regardless of achievement level
(Schwery, Hulac, & Schweinle, 2016; M.-T. Wang et al., 2015). The second is that females tend
to report more anxiety towards mathematics (Hembree, 1990).
In support of the Eccles et al. model (Eccles, 2009; Eccles et al. 1983), studies have
shown that expectancies and values mediate the effect of gender on mathematics and science
course-taking (Eccles et al., 1998; Updegraff et al., 1996) and STEM career attainment (M.-T.
Wang et al., 2015). In particular, Eccles et al. (1998) found mathematics and science utility value
to mediate the effect of gender on mathematics and science course-taking, respectively; on the
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other hand, mathematics and science interest-enjoyment value was determined to be unrelated.
Thus, gender beliefs are noteworthy for understanding female underrepresentation in STEM.
Peer engagement. Research indicates that adolescents are influenced by the academic
attitudes and behaviors of their peers, and that this influence extends into STEM contexts (see
M.-T. Wang & Degol, 2013). Students who are motivated in STEM tend to have friends that
share similar engagement in mathematics and science and motivation to succeed in school
(Aschbacher et al., 2010). This support has been linked to placing higher value on mathematics
(Carolan, 2016; Froiland & Davison, 2016; Leaper, Farkas, & Brown, 2012) and science (Leaper
et al., 2012), as well as sustained enjoyment in science (George, 2006), and higher achievement
in mathematics (Carolan, 2016; Kotok, 2017).
Parent expectations. Parents are often considered the most important influence outside
of school in shaping students’ motivation (Froiland & Davison, 2016; Wigfield, Byrnes, &
Eccles, 2006; Xie & Shauman, 2003). Among parent influences, an important factor is parents’
expectations for their students’ long-term educational attainment (Jeynes, 2012). Research
suggests that parents may not focus their academic expectations specifically on STEM but rather
on advancement through school in general (e.g., graduating high school, attending college, and
attaining a degree, Aschbacher et al., 2010). Studies have shown that students whose parents
have higher academic expectations place a higher value on mathematics (Fan & Williams, 2010;
Carolan, 2016; Froiland & Davison, 2016). In fact, Froiland and Davison (2016) concluded that
for mathematics achievement, parents’ academic expectations for their student were more
influential than the students’ own expectations for themselves. Little is known about the
relationship between parents’ expectations and students’ valuing of science. Relating to
racial/ethnic differences, some research suggests that parents’ of Latinx and African American
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students may in fact place a higher value on educational attainment than their White counterparts
(e.g., Harris, 2011; Immerwahr, 2000).
Past achievement. The relationship between students’ achievement and STEM choices is
well documented. Several studies have shown that students with higher achievement in STEM in
high school are more likely to complete more and/or higher level high school courses in STEM
(Eccles et al., 1998; Federman, 2007; Froiland & Davison, 2016; Updegraff et al., 1996; M.-T.
Wang, 2012; X. Wang, 2012), consider STEM majors and careers (Gottlieb, 2018; M.-T. Wang,
2012; X. Wang, 2012), complete STEM degrees (Ma, 2011; Maltese & Tai, 2011), and attain
STEM occupations (Eccles & Wang, 2016; M.-T. Wang et al., 2015). The Eccles et al. model
holds that the link between early achievement and later choices is explained by the influence of
past achievement on motivational attitudes (Eccles et al., 1983). Research supports this notion:
students who have done well in the past tend to report higher expectancies and values in STEM
(Eccles et al., 1998; Updegraff et al., 1996; M.-T. Wang, 2012) and are more likely to maintain
these attitudes over time (Jacobs, Lanza, Osgood, Eccles, & Wigfield, 2002; Midgley,
Feldlaufer, & Eccles, 1989a, 1989b). Given persistent racial/ethnic and SES achievement gaps in
the United States (Loeb, 2007), past achievement in mathematics and its link to motivational
attitudes may have important implications for explaining underrepresentation in STEM.
Teaching for meaning. Research suggests that teaching mathematics with an emphasis
on making the content more meaningful to students can have positive influences on students’
attitudes and STEM outcomes (Maltese & Tai, 2011; M.-T. Wang, 2012). Maltese and Tai
(2011) found that students whose teachers emphasized further study in science and use of handson materials in mathematics class were more likely to complete degrees in STEM fields. M.-T.
Wang (2012) found that students who perceived that the mathematics they were learning in class
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was personally relevant were more confident in their mathematical abilities and placed higher
value on mathematics. In turn, these students were more likely to receive higher grades in
mathematics, take more high school courses in mathematics, and consider careers in STEM.
On the other hand, curricula that fails to inspire students or relate to their daily lives and
futures are cited as reasons for leaving STEM programs (Aschbacher et al., 2010; Eastman et al.,
2017; Walden & Foor, 2008). Teaching that emphasizes memorizing rules and carrying out
procedures is inversely related to STEM degree completion (Maltese & Tai, 2011) and
achievement in mathematics (Yu & Singh, 2016). Critically, a lack of rich, meaningful
mathematics instruction is more commonly associated with students from racial/ethnic minority
and low SES backgrounds, thereby exacerbating achievement and attainment gaps in STEM
(OECD, 2016).
Teacher support. Research has also shown that social influences of teachers are related
to students’ attitudes and outcomes. STEM teachers who are perceived as caring, having high
expectations, and offering encouragement to succeed are positively associated with higher
expectancy for success in mathematics (M.-T. Wang, 2012), as well as higher interest-enjoyment
value and utility value of mathematics (Midgley et al., 1989b; M.-T. Wang, 2012) and science
(George, 2006). On the other hand, uncaring or poorly-skilled STEM teachers are cited as
reasons for losing motivation in STEM and leaving STEM degree programs (Aschbacher et al.,
2010; Eastman et al., 2017).
STEM extracurriculars. Students point to activities outside of typical schoolwork, such
as STEM-related summer camps or after school programs as sources of early STEM interest
(Eastman et al., 2017). Several studies have shown that participation in STEM-related
extracurricular activities is positively associated with STEM major plans and career aspirations
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(e.g., Aschbacher, et al., 2010; Sahin, 2013). Based on a meta-analysis of 20 independent
samples form 15 studies, Young, Ortiz, and Young (2017) concluded that participation in STEM
extracurriculars has an overall positive effect on student interest in STEM. According to
Afterschool Alliance (2014), much effort has been exuded in recent years to offer after school
programs to underserved youth. Females engage in extracurricular activities at similar rates to
males and African American and Hispanic students participate at almost twice the rate of White
students. Therefore, STEM extracurricular programs may present accessible opportunities for
underrepresented groups to foster positive attitudes towards STEM.
As far as the relationship between STEM extracurricular participation and expectancyvalues attitudes specifically, little is known. One study (George, 2006) found that while STEM
extracurricular participation did not have an effect on students’ enjoyment of science over time,
it did have a positive effect on students’ perception of the utility of science.
Expectancy-Value Change Over Time
While not a focus of this study it is important to note that students’ expectancy-value
attitudes in mathematics and science are not fixed and often change over time. When examining
students’ attitudinal change over time, past research has largely focused on overall trends.
Studies examining overall trends agree that on average students’ attitudes towards mathematics
and science tend to decline over time (George, 2006; Gottfried, Fleming, & Gottfired, 2001;
Jacobs, et al., 2002; Midgley, et al., 1989a, 1989b). Along with examining overall trends, these
studies have also identified factors that influence this change in a positive or negative manner
(i.e., factors that predict more or less of a decline in attitudes). Factors that have been found to
have a positive effect include peer engagement (George, 2006), past achievement (George, 2006;
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Jacob et al., 2002; Midgley et al., 1989a, 1989b), teacher support (George, 2006; Midgley et al.,
1989b), and participation in STEM-related extracurricular activities (George, 2006).
More recent studies have sought to identify groups of students who exhibit certain
patterns of change. Although such studies are few in number, two (Mangu et al., 2015; M.-T.
Wang et al., 2017) have found that for large groups of students, attitudes increased, decreased, or
remained stable over high school. Moreover, these trajectories were related to STEM choice
outcomes. Mangu et al. (2015) found that students who expressed initial STEM careers plans in
9th grade but dropped those intentions in eleventh grade reported decreases in mathematics and
science expectancies and values; students who joined the STEM pipeline reported increases; and
for students who did not switch into or out of STEM, their attitudes remained stable. M.-T. Wang
et al. (2017) found that students who maintained highly positive attitudes towards science
throughout seventh to twelfth grade were most likely to strongly consider STEM careers, have
high achievement in science, and take more advanced science courses. The likelihood of these
outcomes was also found to be relatively high for students who reported increases in positive
attitudes over school; the likelihood was found to be the lowest for those whose attitudes
significantly decreased.
Summary
In all, the Eccles et al. (1983) expectancy-value model is supported by a large body of
evidence within the context of STEM. The literature indicates that high school students’ attitudes
towards mathematics and science are related to later STEM outcomes, including mathematics
achievement, mathematics and science course-taking, and STEM career plans. Expectancies for
success (e.g., mathematics and science self-efficacy) appear to be more closely related to
achievement outcomes, while subjective task values (e.g., identity, interest, utility, cost) are more
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related to major and career choice outcomes. Furthermore, these attitudes are sensitive to
influences from peers, parents, and teachers.
However, there is still not a consensus on which aspects of value are most closely related
to STEM outcomes. This is due to a lack of studies that address the multidimensionality of
subjective task value. Furthermore, findings concerning racial/ethnic differences in the way
expectances and values are shaped and influence STEM outcomes are limited by a lack of
nationally representative studies examining the attitudes of underrepresented racial/ethnic
minorities in relation their well-represented counterparts.
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CHAPTER 3
METHODOLOGY
In this chapter, methods for the study are reviewed. The first section provides background
on the participants of the study and the dataset that was used to conduct the research. The second
section describes the variables used or constructed from the dataset. The research questions are
stated in the third section and then the last section outlines and the statistical procedures.
HSLS:09 Data
The study utilized existing data from three waves of the High School Longitudinal Study
of 2009 (HSLS:09; Ingles et al., 2011, 2014, 2015). HSLS:09 is the most recent in a series of
studies from the National Center for Education Statistics (NCES) that follow nationally
representative samples of young people as they transition from high school to college and adult
life. NCES is within the U.S. Department of Education’s Institute for Education Sciences (IES).
The HSLS:09 survey began in the fall of 2009 with a cohort of ninth graders from public and
private schools throughout the United States. HSLS:09 was specifically designed to aid in the
investigation of young people’s “motivation, achievement, and persistence in STEM coursetaking and careers” (Ingles et al., 2011, p. 10).
The HSLS:09 dataset was selected for the proposed research for two main reasons. First,
it follows a nationally representative sample of high school students as they transition to college
and adult life. Second, HSLS:09 focuses on STEM, including students’ STEM-related in-school
and out-of-school experiences; parents’ and students’ attitudes towards mathematics and science;
students’ choices of STEM coursework, majors, and careers; and their mathematics and science
teachers’ attitudes and practices. Past national longitudinal surveys (e.g., Education Longitudinal
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Study of 2002, Ingles et al., 2004) have lacked this focus (Ingles et al., 2011). As such, HSLS:09
is uniquely capable of answering the proposed project’s research questions. Furthermore, since
HSLS:09 involves high school graduates who are just now entering the workforce, analysis of
the dataset will serve to provide an update on the nation’s progress towards the goal of
strengthening and diversifying the STEM workforce.
Overview
The High School Longitudinal Study of 2009 (HSLS:09) is a longitudinal survey
involving over 25,000 students from more than 900 schools throughout the United States (Ingles
et al., 2011). HSLS:09 is the fifth (and most recent) in a series of high school surveys
administered by NCES that follow nationally representative samples of secondary students
through high school and postsecondary years. Unlike prior NCES studies, HSLS:09 has a unique
focus on STEM. Core research questions of HSLS:09 include “paths into and out of science,
technology, engineering, and mathematics; and the educational and social experiences that affect
these shifts” (Ingles et al., 2011, p. iii). Students, along with their parents, teachers, and other
school personnel participated in the study. As of 2018, data has been collected and made
available for the first three waves (see Figure 2 below; Duprey et al., 2018). The present study
focused on data from the first two waves and the college update.
Base-year. The base year of data collection began in the fall of 2009 in which
participating ninth-graders took a 9th grade algebra assessment and questionnaire. These
instruments served to gauge students’ early high school abilities, experiences, beliefs and
attitudes (in particular, expectancies and values), and plans. To add more context to this data,
students’ parents, mathematics and science teachers, principals, and school counselors also
completed questionnaires (Ingles et al., 2011).

34

Figure 2
Longitudinal Deign of HSLS:09

Note. From High School Longitudinal Study of 2009 (HSLS:09): Base Year to First Follow-Up
Data File Documentation (p. L-20), by S. J. Ingles, D. J. Pratt, . . . S. Leinwand, 2014,
Washington, DC: National Center for Education Statistics. Copyright 2014 by the United States
Department of Education.

First follow-up. The first-follow-up began in the spring of 2012 when most of the cohort
was in 11th grade. At this time, the students took an 11th grade algebra assessment and
questionnaire. Parents, principals, and school counselors were surveyed again as well but not
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teachers. The first follow-up served to track the participating students’ transition from early to
late high school and to facilitate longitudinal analysis between those 2.5 years (Ingles et al.,
2014).
2013 update and high school transcripts. To learn about the cohort’s postsecondary
plans and choices, high school transcripts and other data were collected in the summer to fall of
2013 (Ingles et al., 2015). A second follow-up took place in 2016 to monitor the participants’
postsecondary experiences. The last wave is planned for after 2020 and will track the cohort’s
college, career, and other outcomes in adulthood (Duprey et al., 2018). Above (Figure 2) is a
summary of the longitudinal design of HSLS:09.
Questionnaires. In the base year and first follow-up, students completed information
about their demographic backgrounds; coursework; school experiences; current attitudes and
motivations (including expectancies and values); and future academic and career plans. Parents
were requested information about their income, education, and occupation as well as household
size, composition, and languages spoken. Parents were also asked about their involvement in
school and expectations and preparations for their students’ postsecondary education (Ingles et
al., 2014). In the base year, participants’ mathematics and science teachers were asked to provide
information about their personal, educational, and teaching backgrounds; certification; teaching
practices; and their beliefs about teaching and learning. Teachers were also asked to evaluate
school faculty, administration, and their mathematics or science departments. All questionnaires
were completed online, or if necessary, by phone (Ingles et al., 2011).
Algebra assessments. The base year mathematics assessment was administered to ninth
graders in the fall of 2009. The test was developed as a measure of mathematical preparation for
the study of science, for further study within the mathematical sciences, and for the workplace.
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Consisting of six algebraic content domains (algebraic language; proportions; linear equations,
inequalities, and functions; systems of equations; and sequences) and four algebraic processes
(demonstrating skills; using representations; reasoning; and problem solving), the test was
designed to assess a balanced cross-section of understandings. The assessment was field-tested,
and each item was reviewed by an advisory panel consisting of retired or experienced
mathematics professors, a teacher, and an education consultant. Students were administered the
assessment via computer and scored on 72 items following an item response theory design. In
this way, a student’s score is an estimate of their true proficiency based on item difficulty and
patterns of correct, incorrect, and omitted responses (Ingles et al., 2011).
The first follow-up mathematics assessment was administered in the spring of 2012 when
most of the base-year cohort were in eleventh grade and was designed to measure algebra
achievement and change in this achievement from early to late high school. Assessment items
pertained to the same algebraic content domains and processes as the base-year instrument;
however, more difficult items were added to measure eleventh-grade algebra achievement and to
avoid ceiling effects (Ingles et al., 2014).
Sampling design. Target populations for HSLS:09 were U.S. schools and students within
those schools. A complex sampling process involving two stages was used to generate samples
for these populations. In the first stage, 1,889 eligible public and private schools throughout the
United States were selected via stratified random sampling. The 48 first-stage sampling strata
were defined by permutations of school type (public, private Catholic, private non-Catholic),
geographic region (Northeast, Midwest, South, West), and locale (city, suburban, town, rural).
Of the 1,889 schools selected, 944 (about a half) agreed to participate in the survey (Ingles et al.,
2011).
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In the second stage of the base year sampling process, 26,305 ninth-graders were
randomly selected from the 944 participating schools by stratified random sampling based on
student race/ethnicity—White, Hispanic, Asian, Black, and Other. On average, 28 students were
selected from each of the schools with no school contributing less than 20 or more than 50
students to the total population. Of the initial selection, 25,206 students were deemed eligible for
the study (capable of completing the questionnaire and assessment). A total of 21,444 students
completed the base year questionnaire and 20,781 completed the assessment (about 85 percent
and 82 percent of eligible students, respectively; Ingles et al., 2011).
The base year sample was tracked 2.5 years later in the first follow-up. Of the initial
base-year selection, 25,184 students were deemed eligible for the first follow-up—20,594 of
which completed the first follow-up questionnaire and 18,507 of which completed the
assessment (about 82 percent and 74 percent of first follow-up eligible students, respectively).
Unlike past NCES studies, HSLS:09 did not freshen the first follow-up sample to be
representative of eleventh-graders who attended U.S. schools in the spring of 2012. The first
follow-up only included base year students who were ninth-graders 2.5 years earlier (Ingles et
al., 2014).
Complex Samples
It is important to note that since HSLS:09 base year survey involved a two-stage process
of randomly sampling schools and then students within those schools, students did not have an
equal chance of being selected into the study. Therefore, the base year cohort does not come
from a simple random sample of students, but rather from a complex sample. Complex sampling
was used instead of simple random sampling for two key reasons. First, the complex design
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helped to meet the study’s goals for student sample size while minimizing the number of schools
needed to participate (Ingles et al., 2011).
Second, HSLS:09 was designed to aid in the analysis and cross-comparison of certain
subpopulations of interest within the United States. Stratified random sampling was used at each
stage to ensure adequate sample sizes were attained for each of those distinct subgroups. Smaller
subpopulations (e.g., Asian students, private schools) were over-sampled to afford statistical
power to analyses on subpopulations that represent small proportions of the overall target
populations (Ingles et al., 2011).
The complex characteristics of the HSLS:09 sample need to be accounted for in the
present study’s analysis. Since students were not equally likely to be selected and not all schools
or students selected completed survey components, the use of analytic weight variables is
necessary in order to produce estimates representative of the target population. Several weights
are included in the dataset which adjust for differential selection probabilities and non-response
bias (Ingles et al., 2011).
Analytic Sample
The sample in this research consisted of a subset of the full HSLS:09 sample. The
analytic sample consisted of all HSLS:09 students who (a) participated in the base-year, firstfollow up, 2013 update, and high school transcript waves of data collection; and (b) reported
taking courses at a postsecondary institution in the 2013 update (the fall after most students
graduated high school). After addressing nonresponse in the survey (see Weighting Procedures
section below), the analytic sample is representative of all U.S. students who were ninth graders
in 2009 and enrolled in college in 2013. Therefore, the sample does not include students who
enrolled in a postsecondary institution at a later date, nor does it include those who may enroll in
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the future, or those who will never end up enrolling in college. Considering that the goal of the
research was to examine student’s decision to major in STEM or choose some other major, the
researcher chose to limit the study to students who made a choice about a college major when the
data were collected. Implications of this decision are discussed in Chapter 5 (under Limitations).
Variables
All variables in the study came from the HSLS:09 dataset; this included items from the
base-year survey (fall 2009, modal ninth grade), first follow-up (spring 2012, modal eleventh
grade), and 2013 college update/high school transcripts (modal year of high school completion).
Some variables were used unaltered and others were modified or constructed from a combination
of multiple HSLS:09 variables. More detailed descriptions of the variables, including the specific
survey prompts, measurements, and HSLS:09 codes are presented in Table 27 (Appendix B).
STEM Outcomes
Four variables measured students’ high school outcomes related to STEM, including
achievement, completed coursework, and postsecondary major choices.
11th-grade math achievement. Students’ mathematics achievement in later high school
was represented by their first follow-up mathematics assessment theta scores. The theta scores
are estimates of students’ proficiency in algebra across six content domains (algebraic language;
proportions; linear equations, inequalities, and functions; systems of equations; and sequences)
and four process domains (demonstrating skills; using representations; reasoning; and problem
solving). The first follow-up theta scores are comparable to the base-year theta scores and are
suited for measuring individual growth in algebra achievement from ninth to eleventh grade
(Ingles et al., 2014). A more detailed description of the algebra assessments was provided in the
previous section.
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Highest level math and science courses. Two scales represented students’ highest level
of mathematics and science courses taken in high school. These data were collected from the
students’ high school transcripts. The mathematics scale ranges from 0 = basic math to 13 =
Advanced Placement or International Baccalaureate Calculus). The science scale ranges from 0 =
no science to 5 = Advanced Placement or International Baccalaureate science (Ingles et al.,
2015).
STEM major choice. Students’ postsecondary STEM plans were represented with a
dichotomous variable where 1 indicates that the student was planning to/applied to a major in a
STEM field and 0 indicates that they were planning/or applied to on a non-STEM major. This
variable was created by NCES from an item on the 2013 college update which asked what field
of study students were considering when applying to or registering at postsecondary institutions.
Majors within biological and biomedical sciences, computer and information sciences,
engineering and engineering technologies, mathematics and statistics, and physical sciences and
science technologies were coded as STEM. Students who answered “don’t know” for major
choice (8.5 percent of the analytic sample) were recorded by the researcher and assigned to a
value of zero (non-STEM).
Expectancy-Value Attitudes
HSLS:09 included measures of students’ expectancies and values as they relate to
mathematics and science. Except for cost, these were measured for mathematics and science
separately and at two distinct time points: in the modal ninth and eleventh grades (base-year and
first follow-up). This research used the eleventh-grade items only (Ingles et al., 2014). The
variables are scales constructed from multiple survey items using factor analysis.
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Math and science self-efficacy. Two scale scores represented students’ mathematics and
science self-efficacy in late high school. Each scale is a composite of four items which asked
students how confident they were that they could do an excellent job on tests, understand the
most difficult material presented in the textbook, master skills, and do an excellent job on
assignments in their mathematics and science courses. NCES measured these scales to have
Cronbach’s alphas of .88 and .89 for the mathematics and science self-efficacy, respectively
(Ingles et al., 2014). Items were recoded as appropriate so that higher scores indicated greater
levels of self-efficacy.
Math and science identity. Two scale scores represented students’ mathematics and
science identity values in late high school. Each scale is a composite of two items which asked
students to what extent they saw themselves as a math (or science) person and to what extent
other people saw them as a math (or science) person. NCES measured these scales to have
Cronbach’s alphas .88 and .89 for the first follow-up scales for mathematics and science identity,
respectively (Ingles et al., 2014). Items were recoded as appropriate so that higher scores
indicated a greater sense of identity.
Math and science interest. Two scale scores represented students’ mathematics and
science interest values in late high school. Each scale is a composite of five items which asked
students how much they felt that their math (or science) class was enjoyable, a waste of time
(reverse coded), and boring (reverse coded); how much they agreed that they are taking the
classes because they enjoyed math (or science); and whether math (or science) was their favorite
school subject. NCES measured these scales to have Cronbach’s alphas of .69 and .77 for
mathematics and science interest, respectively (Ingles et al., 2014). Items were recoded as
appropriate so that higher scores indicated greater interest.

42

Math and science utility. Two scale scores represented students’ mathematics and
science utility values in late high school. The first follow-up scales are each a composite of three
items which asked students how much they agreed that math (or science) was be useful for
everyday life, college, or a future career. NCES measured these scales to have Cronbach’s alphas
of .82 and .82 for mathematics and science interest, respectively (Ingles et al., 2014). Items were
recoded as appropriate so that higher scores indicated a greater sense of utility.
STEM cost. One scale score represented students’ perceived cost of mathematics and
science (combined) in ninth grade. The researcher constructed the scale from four items which
asked students how much they agreed that if they put a lot of time and effort into their math and
science classes they wouldn’t have time for friends, wouldn’t have time for other activities,
wouldn’t be popular, and would be made fun of. Higher scores indicate greater perceived cost of
STEM. This scale has been used in at least two other studies who both found Cronbach’s alphas
of .75 (Andersen & Ward; Gottlieb, 2018). The HSLS:09 base-year survey did not include items
for mathematics and science separately nor did the first follow-up survey include comparable
items to construct an eleventh-grade scale.
Personal Background Characteristics
Students’ demographic information, including gender, race/ethnicity, and socioeconomic
status (SES) was used to examine group differences and underrepresentation in STEM.
Gender. The researcher used the first follow-up gender variable from HSLS:09 which
was coded as either “male” or “female”. The first-follow up variable was used because this
variable had no missing values. It is important to note however, that students were identified as
either male or female and therefore the assignment may not reflect students who do not selfidentify in this way. If students did report their gender, NCES replaced the missing record with
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either the base-year student record, or the record reported by the students’ parent or teacher
(Ingles et al., 2014).
Race/ethnicity. The researcher used the first follow-up race/ethnicity variable from
HSLS:09. NCES coded students’ race/ethnicity according to seven mutually exclusive
categories: “American Indian/Alaska Native”, “Asian”, “Black/African American”, “Hispanic”,
“Native Hawaiian/other Pacific Islander”, “Two or more races”, or “White” (Ingles et al., 2014).
The researcher combined “American Indian/Alaska Native” and “Native Hawaiian/other Pacific
Islander” into one group to increase the size. The first-follow up variable was used because
NCES cross-checked it with the base-year record and the parent surveys (Ingles et al., 2014).
Socioeconomic status (SES). The dataset also provided a standardized scale of students’
SES. The SES variable was constructed by NCES and is a composite scale variable based on
base-year parent/guardian education, occupation, and household income (Ingles et al., 2011).
Socialization
Four sets of variables were used to represent influences from peers and parents.
Peer engagement. Peer influence was measured by a composite scale score of four items
relating to students’ closest friends’ academic engagement. The researcher created this variable
from four base-year student responses about whether or not they believed: their closest friend
gets good grades, is interested in school, attends class regularly, and plans to go to college.
Parent expectations. Parents’ academic expectations was for their child was measured
on a scale relating to how far the parents/guardians expect their student to go in school. The scale
ranges from 1 = less than high school to 10 = PhD, MD, or law degree (Ingles et al., 2011).
Parents who answered “don’t know” for educational attainment expectations (6.8 percent of the
analytic sample) were recoded by the researcher and assigned a value of zero on the scale.

44

Gender beliefs about math and science. Two variables represented parents’ gender
beliefs about how males and females compare with respect to mathematics and science ability.
The variables were constructed by the researcher from two base-year survey items which asked
parents to rate males and females’ ability in the two subjects. The scales range from 1 = females
are much better to 5 = males are much better (Ingles et al., 2011).
Parent math and science self-efficacy. Parents’ self-efficacy in mathematics and
science were measured from two variables asking the responding parent how confident they felt
about your ability to help their 9th-grader with their mathematics and science homework.
Educational Experiences
Four sets of variables were included to examine the effect of early formal and informal
educational experiences in STEM on later attitudes towards mathematics and science.
9th-grade mathematics achievement. Students’ mathematics achievement earlier in
high school was represented by their base-year mathematics assessment theta scores. The theta
scores are estimates of students’ proficiency in algebra across the same content and process
domains as the first follow-up assessment (see above). These scores are thus comparable and can
be used to gauge individual achievement growth over time (Ingles et al., 2014).
Teacher support. Perceived support from students’ ninth-grade mathematics and science
teachers was represented by two scales—one for their mathematics teacher and one for their
science teacher. The researcher created the composite scales from nine items regarding how
much the student agrees that their mathematics/science teacher: values and listens to students’
ideas; treats all students with respect; treats all students fairly, treats some students better than
others; treats males and females differently; thinks every student can be successful; thinks that
mistakes are okay; makes math (or science) interesting; and make math (or science) easy to
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understand. Yu and Singh (2016) used this teacher support scale for mathematics and reported a
Cronbach’s alpha of .86; they did not create one for science.
Teaching for meaning. Students’ exposure to meaningful mathematics instruction was
represented by a composite scale. The researcher created the scale from students’ base-year
mathematics teachers’ self-reported emphases on: teaching students math concepts, to reason
mathematically, how math ideas connect with one another, the logical structure of math, about
the history and nature of math, to explain ideas in math effectively, and how to apply math in
business and industry; as well as emphases on: increasing students' interest in math and
preparing students for further study in math. Yu and Singh (2016) used a similar scale and
reported a Cronbach’s alpha of .78.
STEM extracurriculars. Students’ exposure to informal STEM learning opportunities
was represented by the total number of STEM-related extracurricular activities they participated
in from ninth to eleventh grades. The researcher created the variables from students’ responses
about whether or not they participated in any clubs, competitions, summer programs, or study
groups in mathematics or science.
Weights
Due to the complex sampling design of HSLS:09 weight variables were provided by
NCES. For the current study the survey weight variables used included the base-year to first
follow-up student longitudinal weight W2W1STU (Ingles et al., 2014), the base-year to first
follow-up to 2013 update longitudinal weight W3W1W2STU, and the base-year to first followup to 2013 update and high school transcript longitudinal weight W3W1W2STUTR (Ingles et
al., 2015). For each, the 200 corresponding balanced repeated replication (BRR) weights were
also utilized.
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Research Questions
The research questions which guided the methods and analyses were as follows:
1. To what extent does an expectancy-value model explain patterns in U.S. high school
students’ STEM outcomes, namely mathematics achievement, mathematics and science
course-taking, and STEM major choice?
a. Do students’ prior socialization and educational experiences predict their
mathematics and science expectancy-value attitudes? If so, in what way(s)?
b. Do students’ mathematics and science expectancy-value attitudes predict their
STEM outcomes? If so, in what way(s)? Are mathematics or science value
attitudes more predictive of certain STEM outcomes than mathematics or science
expectancy attitudes? Are certain mathematics or science value attitudes more
predictive of certain STEM outcomes than others?
c. Are students’ socialization and educational experiences related to their STEM
outcomes? If so, to what extent do students’ mathematics and science expectancyvalue attitudes explain (mediate) this relationship?
2. Are there differences across well-represented and underrepresented groups in the
variables and relationships above that help to explain underrepresentation in STEM?
a. Do student’s personal background characteristics predict differences in their
socialization, educational experiences and expectancy-value attitudes? If so, in
what way(s)?
b. Are students’ personal background characteristics related to their STEM
outcomes? If so, to what extent do students’ mathematics and science expectancyvalue attitudes explain (mediate) this relationship?
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c. Do the relationships between students’ socialization, educational experiences,
expectancy-value attitudes, and STEM outcomes differ (are they moderated) by
gender, race/ethnicity, and SES? If so, in what way(s)?
Procedure
The key parts of the analytic methods involved testing the conceptual model of
motivation in STEM using the HSLS:09 data and structural equation modeling (SEM). SEM
involved factor analysis to assess the validity of the expectancy-values scales, path analysis to
test the direct and indirect relationships in the model, and multigroup analysis to examine gender,
race/ethnicity, and SES differences in these relationships. These analyses were done separately
for a mathematics and a science model and Mplus 8.4 (Muthén & Muthén, 1998-2017) was used.
Before the math and science models were tested, some preliminary procedures involved applying
survey and replicate weights, addressing missing data, and calculating descriptive statistics.
Weighting
As previously mentioned, NCES used a complex sampling design to collect the
nationally representative sample of 2009 U.S. ninth graders in HSLS:09. The sampling method
differs from a simple random design in two main ways. First, the sampling occurred in two
stages (schools and then students within those schools) and was stratified at each stage (by
school type and student race/ethnicity). Second, student and school strata were not sampled at
equal rates—unlike simple random sampling, not every member of the target population (U.S.
ninth graders in 2009) had an equal chance of being selected into the sample (Ingles et al., 2011).
Standard statistical techniques assume a simple random sample; therefore, adjustments must be
made in the analysis to ensure that the results are representative of the target population (HahsVaughn, 2005; Kalton, 1989). To address this challenge, the researcher utilized weight variables
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provided in the HSLS:09 dataset. Two types of weight variables were involved corresponding to
the two ways in which the HSLS:09 sample differs from a simple random sample.
Survey weights. The first type of weights adjusts for the unequal probability of selection
and less than full participation, or nonresponse, in the survey. Failure to incorporate survey
weights can result in bias parameter estimates and inaccurate standard errors, essentially
producing estimates that are not representative of the intended population (Pfeffermann, 1993).
To adjust for the unequal selection probability of students and schools, NCES first calculated
base weight variables using the inverse probability of selection. The base weight variables were
then adjusted to account for bias associated with nonresponse from students and schools in the
sample (see Ingles et al., 2015, Appendix F).
BRR weights. The second type of weights adjust for the multistage stratified sampling in
the survey. Since students were sampled within schools, it is reasonable that students from one
school are more alike than students from another school (Hox & Kreft, 1994). This dependence
needs to be accounted for or else the true population variance will be underestimated (Hox,
1998). The direct approach to account for the nested structure of students within schools is a
multilevel modeling approach (Muthén & Satorra, 1995); however, this requires a school
identifier variable that is not available in the HSLS:09 public-use data file. To get around this
issue, the researcher utilized balanced repeated replication (BRR) weights supplied by NCES.
BRR is a resampling methodology for estimating standard errors in analysis of complex
survey data (Fay, 1989). Like other resampling methods (e.g., jackknifing), BRR estimates the
sampling distribution empirically from subsets of available data and is robust against nonnormality. BRR weights not only aid analyses that properly reflect the sampling methodology
but also can be provided to the secondary analyst without compromising the anonymity of the
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survey participants. For the current study, this means that BRR weighting accounted for the
multistage stratified sampling of the HSLS:09 survey without requiring access to the restricteduse data file. When combined with the appropriate survey weight, the BRR weights will fully
account for the complex sample design and ultimately help to produce unbiased standard error
estimates (Stapleton, 2002). In total, 200 replicate weights were used and implemented in Mplus
with the REPSE = BRR and the TYPE = COMPLEX options of the ANALYSIS command (see
Asparouhov & Muthén, 2010).
Missing Data
All study variables had some level of missing data. NCES coded reasons for missing
values in the dataset as “unit nonresponse”, “item legitimate skip/NA” (questionnaire item not
applicable, e.g., a question about a science course for a student not currently taking one) or
“missing” (some other reason, e.g., questionnaire item skipped by mistake). Failure to address
missing data appropriately can lead to bias results (Peugh & Enders, 2004). Unit nonresponse
was accounted for in the survey weights. Other missing data was handled using imputation
techniques which replace missing values. NCES imputed missing data on gender and
race/ethnicity. The researcher imputed the rest.
NCES imputation. NCES replaced missing data for some variables using single
imputation techniques (Ingles et al., 2011, 2014, 2015). Missing data on gender and
race/ethnicity were imputed logically. Gender was first imputed from first follow-up data and
cross-checked with parents; if it was still missing, it was replaced based on students’ name.
Race/ethnicity was first imputed from first follow-up data, and then if it was still missing it was
replaced based off students’ biological parents’ race/ethnicity responses (Ingles et al., 2014).
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Researcher imputation. NCES did not address missing data for all variables used in this
research. The researcher first made some logical imputations with the STEM extracurricular
participation variable, then the rest of the data were imputed statistically. Missing values on
number of STEM clubs, competitions, or summer camps were assigned a value of zero for
students who responded to taking at least one STEM extracurricular and then the sum was taken
over the total number; only students with missing values on all the STEM extracurricular items
(2.6 percent) were left to statistical imputation.
The rest of the missing data was handed statistically by the researcher using multiple
imputation. The mechanism for this missing data was assumed to be missing at random (MAR;
see Rubin, 1976). Multiple imputation is a technique for handling missing data whereby missing
values are replaced by a number of statistically estimated values. The method involves
generating a number (often m = 5 to 10) of imputed datasets, each with different plausible values
for the missing values. The analysis then proceeds by estimating the parameters of interest with
each imputed dataset separately and then pools (averages) the results over the m imputed datasets
to produce a single set of results (Rubin, 1987). Multiple imputation has been shown to be robust
against departures from normality and to provide unbiased results when data are MAR; it is
among the most trusted methods for handling missing data in the behavioral sciences (Peugh &
Enders, 2004).
In total, five datasets were imputed for the analysis using Blimp 2.0 (Enders, Du, &
Keller, in press; Keller & Enders, 2019). Multiple imputation theory holds that five imputations
are sufficient for yielding accurate estimates (Schafer & Olsen, 1998); although, simulation
studies (e.g., Graham, Olchowski, & Gilreath, 2007) have suggested using more than five
imputations to preserve statistical power. Given the large sample size, statistical power was not
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an issue for this study, so five imputations was seen as a good balance between ensuring
accuracy and limiting the computational time required for imputing a large number of categorical
variables.
Blimp uses a fully conditional Bayesian approach to multiple imputation and was chosen
for this study because it is one of the only missing-data software packages that explicitly models
categorical data (Enders, Keller, & Levy, 2018). Blimp also provides potential scale reduction
(PSR) factors (Gelman & Rubin, 1992) to assess convergence of the MCMC algorithm. PSR
values less than 1.05 are generally regarded as acceptable for imputation models with continuous
variables and values less 1.10 or 1.15 are considered reasonable for imputation models with
categorical or ordinal variables, where convergence is slower. The BURN and THIN commands
were adjusted until acceptable PSR values were achieved (see Keller & Enders, 2019). Analysis
with the five imputed datasets were handled in Mplus using the TYPE = IMPUTATION option
of the DATA command (see Muthén & Muthén, 1998-2017).
Descriptive Statistics
Descriptive statistics began by examining the demographic characteristics of the full
HSLS:09 sample and the analytic (college-attending) sample. Both weighted and unweighted Ns
and percentages were calculated. STEM major choice was then cross-examined by race/ethnicity
and gender. Means and standard deviations were provided for all continuous and ordinal
variables. Correlations for all continuous variables were also examined after the math and
science scales were created (see below).
Structural Equation Modeling (SEM)
To test the expectancy-value models, structural equation modeling (SEM) was employed
in Mplus 8.4 (Muthén & Muthén, 1998-2017). SEM is a statistical methodology that combines
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factor analysis and regression techniques to test structural theories: ones that have multiple
independent and dependent variables and separate effects on the main dependent variables into
direct (endogenous) and indirect (exogeneous) components (Byrne, 2011). These features
support the analysis of the expectancy-value models, as according to the theory, expectancies
and values directly influence STEM outcomes, while other factors influence these outcomes
indirectly (Eccles et al., 1983). SEM began with factor analysis to create the expectancy-value
and teacher support scales, then proceeded with single-group analysis to test the relationships
between the variables in the models and examine mediation effects, and then concluded with
multigroup analyses to examine moderation effects. These steps were performed first for the
math model and then the science model.
Confirmatory factor analysis (CFA). Factor analysis tests the measurement model—the
model consisting of the scale variables (factors or latent variables), their individual survey items
(observed variables), and the relationships between. Testing the validity of the measurement
model concerns the extent to which the observed variables (e.g. survey items) are generated by
the underlying latent constructs, or factors (e.g., attitudes). Assessing this essentially involves
examining the strength of covariation between the observed variables. Each set of observed
variables which covary strongly should correspond to a distinct factor (Byrne, 2011). In terms of
this study, this means that the math self-efficacy items should be strongly correlated with each
other and not as strongly correlated with the math identity, interest, or utility items, for example.
The scales created via factor analysis are essentially weighted averages of the individual survey
items where the weights, called factor loadings, are determined by a best fit to the data.
Since the relationships between the observed variables and latent factors are given by the
expectancy-value theory, a confirmatory approach to the factor analysis is appropriate. In
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confirmatory factor analysis (CFA), the researcher first specifies the relationships between the
observed variables and the latent factors and then tests the extent to which the data fits the model
implied by the specification (Byrne, 2011). If the model appears to be a good fit for the data, the
measurement model is deemed valid: the factors (e.g., expectancy-value attitudes) are taken to be
distinct and measurable constructs. The estimator used in the CFAs was maximum likelihood
(ML). Assessing model fit is explained in the SRMR subsection below.
Single-group analysis. After the measurement model was deemed valid, the analysis
proceeded to test the structural model. This model concerns the relationships between the latent
factors and the other variables in the model which is conceptualized in Figure 1. These
relationships (paths) were broken into five sets: (a) the personal background variables to the
socialization and educational experiences variables; (b) the personal background and
socialization variables to the expectancy-value attitudes; (c) the personal background,
socialization, and expectancy value variables to the 11th-grade math achievement variable; (d)
the personal background, socialization, expectancy value, and 11th-grade math achievement
variables to the course-taking variable; and (e) the personal background, socialization,
expectancy-value, 11th-grade math achievement, and course-taking variables to the STEM major
choice variable. These relationships are depicted via path diagrams in Figures 3 and 4.
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Figure 3
Hypothesized Path Diagram for Math Model

Note. Paths from socialization and educational experiences variables and paths involving
personal background variables not shown for clarity.
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Figure 4
Hypothesized Path Diagram for Science Model

Note. Paths from socialization and educational experiences variables and paths involving
personal background variables not shown for clarity.

The strengths of the structural relationships were tested by estimating path (regression)
coefficients. Indirect and total effects were also estimated to examine the extent to which the
paths from the socialization and personal background variables to the STEM outcome variables
were mediated by the expectancy-value attitudes. Indirect and total effects were calculated and
tested for significance using the MODEL INDIRECT command in Mplus. Since STEM major
choice was a binary variable, the weighted least square mean and variance adjusted (WLSMV)
estimator with probit link function was used to estimate the model parameters. Probability
differences were calculated for the significant predictor variables in the probit regression
according to the instructions in the Mplus User Guide (Muthén and Muthén, 1998-2017, p. 552).
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For the continuous predictors, these were calculated by subtracting the probability of choosing
STEM with the predictor at the mean from the probability of choosing STEM with the predictor
at 1 standard deviation above the mean, both with gender at male, race/ethnicity at White, and all
other variables at the mean. The interpretation is then the difference in probability between a
student with a high level on the predictor, but who is otherwise typical, choosing STEM against a
typical student choosing STEM (where “typical” means White, male, average SES, average
achievement, etc).
Multigroup analysis. Multigroup models were used to investigate the moderating effects
of gender, race/ethnicity, and SES and help to further explain why certain groups are
underrepresented in STEM. Multigroup SEM is a technique that applies the same structural
model to different samples or subsamples and tests for invariance across those groups (Byrne,
2011). Multigroup models were estimated within math and science for each of three sets of
groups: gender (male, female), race/ethnicity (Asian or White, URM), and SES (low, medium,
high).
The gender multigroup analyses examined differences in the math and science models
across the male and female subpopulations. For the race/ethnicity multigroup analysis White or
Asian students were combined into one group to comprise students who are well-represented in
STEM and Black, Hispanic/Latinx, Native American or Pacific Islander, or Multiracial students
were combined to comprise underrepresented racial/ethnic minority students (URM). The SES
multigroup analyses examined differences in the math and science models across three
subpopulations: low SES, medium SES, and high SES. These SES groups were constructed from
the SES quintiles of the full HSLS:09 sample. The first (lowest) and second quintiles were
combined to comprise the low SES group, the third and fourth quintiles were combined to form
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the medium SES group, and the fifth (highest) quintile represented the high SES group. The
decisions to combine these group in these ways were firstly made to adhere to the literature on
groups underrepresented in STEM but secondly, to facilitate the multigroup analyses which
required the groups to be of similar size.
The usual multigroup analysis steps involve first tested for measurement invariance,
which essentially involves assessing the extent to which the measurement models (CFA) for the
groups are similar. This was examined by first testing the fit of a CFA model that allows for the
factor loadings to be estimated separately for each group. This fit was then compared to the fit of
a model that specifies the corresponding factor loadings to be equal across the groups. If the
difference in fit between the two models is negligible, measurement invariance is assumed, and
factor loadings are invariant across groups in the subsequent analyses.
The next step in a multigroup analysis involves testing for structural invariance—testing
whether the relationships in the path diagrams differ across the groups. This is typically done by
comparing the fit of a model with paths constrained equal to a model with paths estimated freely
across the groups using 𝜒2 tests (see Byrne, 2011). However, BRR weights restricted the use of
𝜒2 (see below) so, a more ad hoc approach was used which examined whether the statistical
significance of corresponding paths differed across the groups or whether any significant effects
changed signs. Whether the strengths of some of the model effects differed was not able to be
tested statistically. The groups being of similar size facilitated a more valid comparison of
statistical significance based on p-values. In the end, this analysis should be taken with caution
and the results should not be interpreted as true differences existed between the groups but rather
as whether there was evidence for certain effects in one group and not in others (see Nahm,
2017).
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Model fit. To asses model fit in SEM, several statistics are often utilized, including the
chi-square statistic (𝜒2), comparative fit index (CFI), Tucker–Lewis index (TLI), root mean
square error of approximation (RMSEA), and standardized root mean square residual (SRMR).
However, because of the combined use of multiple imputation and BRR weighting, the
researcher was restricted to only the SRMR index (Muthén & Muthén, 1998-2017).
SRMR was first introduced by Hu and Bentler (1999) and has more recently been
modified for flexible use in Mplus (see Asparouhov & Muthén, 2018). Like other fit indices,
SRMR is a measure of the discrepancy between the model-implied (estimated) mean and
covariance matrix and the data-implied (observed) mean and covariance matrix. Unlike 𝜒2 which
measures this distance exactly, SRMR approximates it by calculating a mean-square error of
observed and estimated correlations, standardized means, and variances. Asparouhov & Muthén,
(2018) stipulate that since SRMR is an average of errors, residual values should also be inspected
individually to ensure that no large residuals values are “hidden” in that average. SRMR values
less than .05 and .08 are considered excellent and acceptable fits, respectively (Hu & Bentler,
1999).
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CHAPTER 4
RESULTS
This chapter presents the results of the statistical analyses. The first section discusses
three variables that were dropped in the final models. In the next section, results of the missing
data analysis are reviewed, then descriptive statistics are presented. The last two sections present
the results of the final mathematics and science models. Within these two sections, results are
presented for the confirmatory factor analyses (CFA), correlation analysis, the single group
structural equal modeling (SEM), and lastly the multigroup SEM.
Included Variables
Not all the variables reviewed in Chapters 2 and 3 were used in the final analyses. Four
sets of variables were dropped: STEM cost, peer academic engagement, conceptual teaching in
math and science, and gender beliefs about math and science ability. STEM cost was dropped
because, unlike the other expectancy-value attitudes, the items did not support scales for
mathematics and science separately nor a late high school (11th grade) scale. The remaining
three sets of variables were dropped to simplify and improve the final analytic models. Peer
academic engagement was dropped to improve the factor analytic models; the degree of
intercorrelation between the factor items was low—reliability analysis found the factor to have a
Cronbach’s alpha α = .58. Conceptual teaching in math and science were dropped as the items
had high rates of missing data (46 percent missing listwise for math and 49 percent for science).
After these variables were removed and analyses for the structural models were run, it was
determined that one additional set of variables had to be dropped to ensure the model was
identified (i.e., a unique solution exists for all of the model's parameters). Gender beliefs about
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math and science were chosen to be dropped because the variables tended not to have significant
effects (e.g., p = .672, p = .860, p = .666, p = .248, p = .231 on math self-efficacy, identity,
interest, utility, and STEM major choice, respectively).
Missing Data Analysis
Overall, the rate of data imputed statistically was low. Table 28 (Appendix C) lists the
percent of values imputed statistically for the analytic sample. No study variable exceeded a
missing-data rate of 20 percent. Gender, race/ethnicity, SES, math achievement, and coursetaking variables were complete. The majority of attitude items had less than 2.5 percent missing;
math teacher support items had missing rates around 9 percent; science teacher support items
were missing at a rate around 15 percent; parent variables had missing rates around 17 percent;
STEM major choice had 5.8 percent values missing.
Five imputed datasets were generated using Blimp 2.0. All study variables and the survey
weight were included in the imputation model. The BURN and THIN options were set to 6,000
and 3,000 iterations respectively, meaning an imputed dataset was saved for use in the analysis
after every 3,000th iteration, beginning with the 6,000th iteration. The potential scale reduction
(PSR) output suggested these conditions were sufficient for estimates to stabilize (PSR < 1.08).
Sample Statistics
This section presents statistics for the full HSLS:09 sample first then goes into the
analytic sample. Sample sizes and statistics for the categorical variables are presented here
(gender, race/ethnicity, STEM major choice). All continuous variables were standardized in the
analyses (M = 0, SD = 1); correlations will be presented in the next section as factor analysis was
needed to generate the math and science attitude scales from the individual survey items. The
unstandardized means and standard deviations are presented in Table 29 (Appendix C).
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Full HSLS:09 Sample
The data for this research consisted of a subset of the full HSLS:09 dataset. The analytic
sample consisted of all HSLS:09 students who (a) participated in the base-year, first-follow up,
2013 update, and high school transcript waves of data collection; and (b) reported taking courses
at a postsecondary institution in the 2013 update (the fall after most students graduated high
school). The full high school dataset involved 23,500 students with N = 15,190 responding in all
three waves and update and a target population of size 4,143,490. The analytic (college-enrolled)
sample involved 15,540 students with N = 11,410 responding in all three waves and update and a
target population of size 2,913,180. The unweighted and weighted (by W3W1W2STUTR)
demographics for the full student sample are presented in Table 1.
Table 1
Demographics for Full Sample (Unweighted) and Population (Weighted)
Male
N (%)

Race/Ethnicity
Asian
Black
Hispanic/Latinx
Native Amer/Pac Islander
Two or more races
White
Total

970 2(4.1)
1,280 2(5.4)
1,940 2(8.3)
160 2(0.7)
1,040 2(4.4)
6,600 (28.1)
11,980 (51.0)

Asian
Black
Hispanic/Latinx
Native Amer/Pac Islander
Two or more races
White
Total

75,150 0(1.8)
261,930 0(6.3)
454,890 (11.0)
23,910 0(0.6)
162,190 0(3.9)
1,106,880 (26.7)
2,084,950 (50.3)

Note. Ns rounded per IES guidelines.
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Female
N (%)
Unweighted
950 2(4.1)
1,170 2(5.0)
1,920 2(8.2)
140 2(0.6)
990 2(4.2)
6,360 (27.0)
11,530 (49.0)
Weighted
71,880 0(1.7)
306,020 0(7.4)
447,990 (10.8)
22,640 0(0.5)
168,250 0(4.1)
1041,770 (25.1)
2058,540 (49.7)

Total
N (%)
1,920 66(8.2)
2,450 6(10.4)
3,860 6(16.4)
300 66(1.3)
2,020 66(8.6)
12,950 0(55.1)
23,500 (100.0)
147,040 00(3.5)
567,950 0(13.7)
902,880 0(21.8)
46,550 00(1.1)
330,440 00(8.0)
2,148,650 0(51.9)
4,143,490 (100.0)

The weighted sample was 50.3 percent male, 49.7 percent female, 3.5 percent Asian, 13.7
percent Black, 21.8 percent Hispanic or Latinx, 1.1 percent Native American or Pacific Islander,
8.0 percent two or more races, and 51.9 percent White.
Analytic Sample
The analytic sample was a subset of the of the full sample consisting of students who
were enrolled in a postsecondary institution in 2013 (the modal fall semester after high school
graduation). The weighted rates of college enrollment for the full high school sample are
presented in Table 2. Overall, 70.3 percent of the full sample reported to be enrolled in
postsecondary classes in the fall of 2013. Asian students enrolled at the highest rate (89.3
percent), followed by White students (73.3 percent). Underrepresented minority students were
about 10 percent less likely to enroll in college after high school compared to White students
(between 63 percent and 66 percent). Table 2 also shows that enrollment increased with SES.
Students in the high SES group enrolled in college after high school at a rate of 91.6 percent, far
greater than low SES students who only enrolled at a rate of 56.3 percent.
Table 2
Postsecondary Enrollment for Full Sample (Weighted Row Percentages)
Personal Background
Race/Ethnicity
Asian
Black
Hispanic/Latinx
Native Amer/Pac Islander
Two or more races
White
SES
Low
Medium
High
Overall

Overall

Male

Within Gender
Female

89.3
64.9
65.5
62.7
66.1
73.3

84.0
57.3
60.9
56.5
59.1
68.5

94.7
71.3
70.1
69.3
72.8
78.4

56.3
73.3
91.6
70.3

49.9
68.3
88.8
65.1

62.8
78.3
94.6
75.5
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Recall that the low SES group comprises the bottom 40 percent of the full sample in terms of
SES (first and second quartiles), while the medium SES group comprises the next 40 percent
(third and fourth quintiles) and the high SES group comprises the top 20 percent (fifth quintile).
Weighted and unweighted demographics for the analytic (college-enrolled) sample are
presented in Table 3. The number of responding students was N = 11,410. It is important to note
that the Native American or Pacific Islander group is small (analytic N = 130) and therefore
results with this group should be taken with caution.
Table 3
Demographics for Analytic Sample (Unweighted) and Target Population (Weighted)
Male
N (%)

Race/Ethnicity
Asian
Black
Hispanic/Latinx
Native Amer/Pac Islander
Two or more races
White
Total

640 0(4.7)
620 0(4.6)
870 0(6.4)
70 0(0.5)
520 0(3.8)
3,640 (26.9)
6,360 (47.0)

Asian
Black
Hispanic/Latinx
Native Amer/Pac Islander
Two or more races
White
Total

63160 0(2.2)
150,190 0(5.2)
276,900 0(9.5)
135,500 0(0.5)
95,830 0(3.3)
758,630 (25.9)
1,358,200 (46.6)

Female
N (%)
Unweighted
700 0(5.2)
700 0(5.1)
1,050 0(7.7)
60 0(0.4)
580 0(4.3)
4,090 (30.2)
7,180 (53.0)
Weighted
68,090 0(2.3)
218,220 0(7.5)
314,160 (10.8)
15,700 0(0.5)
122,490 0(4.2)
816,320 (28.1)
1,554,980 (53.4)

Total
N (%)
1,350 00(9.9)
1,320 00(9.7)
1,920 0(14.2)
130 00(1.0)
1,090 00(8.1)
7,730 0(57.1)
13,540 (100.0)
131,246 00(4.5)
368,410 0(12.6)
591,060 0(20.3)
29,190 00(1.0)
218,320 00(7.5)
1,574,950 0(54.1)
2,913,180 (100.0)

Note. Ns rounded per IES guidelines.

Comparing the demographics of the full sample (Table 2) and the analytic sample (Table
3), also reflects the underrepresentation of non-Asian minority students in college. From the full
high school sample, the college sample’s proportion of Asian students increased by 1 percent and
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the proportion of White students increased by 2 percent. On the other hand, the proportion of
Black and Hispanic students decreased by 1 percent each; the proportion of Native American or
Pacific Islander students decreased by 0.1 percent; and the proportion of students of two or more
races decreased by 0.5 percent from the full high school sample.
On the other hand, female representation increased in the college sample. The malefemale split was just about 50:50 in the full high school sample but was about 47:53 in favor of
females in the college sample. Female representation within race/ethnicity groups also increased.
The biggest differences concerned Black students. While black males made up 6.3 percent of the
high school population, they only made up 5.2 percent of the college sample, corresponding to a
shift from a 46:54 male to female ratio to a 41:59. The male to female ratio for the other
race/ethnicity groups were more similar to the overall 47:53 male to female ratio.
Table 4 presents the means and standard deviations for socioeconomic status (SES) in the
analytic sample. SES was standardized in the full high school sample for this table.
Table 4
Mean SES by Race/Ethnicity for Analytic Sample
Race/Ethnicity
Asian
Black
Hispanic/Latinx
Native Amer/Pac Islander
Two or more races
White
Students Overall

M
.300
–.212
–.398
–.096
.097
.311
.081

SE
.0023
.0012
.0009
.0046
.0014
.0006
.0005

Note. SES standardized in the full sample.

The analytic (college-enrolled) sample had a slightly higher and less varied SES than the
full high school sample (M = .081, SD = .767 compared to M = 0, SD = 1). Table 4 also shows
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differences among race/ethnicity groups in terms of SES; with the exception of students of two
or more races, URMs tended to have lower SES than White and Asian students. On average,
college-enrolled Whites and Asians had SES .30 standard deviations higher than students overall,
while Black and Hispanic students tended to have SES levels .21 and .40 standard deviations
lower, respectively than students overall.
From this point on, all statistics refer to the analytic (college-enrolled) sample.
STEM Outcomes
Next, descriptive statistics for STEM outcomes were cross examined by gender,
race/ethnicity, and SES. First, Table 5 displays 11th-grade math achievement (standardized).
Table 5
11th-grade Math Achievement by Personal Background
Personal Background
Race/Ethnicity
Asian
Black
Hispanic/Latinx
Native Amer/Pac Islander
Two or more races
White
SES
Low
Medium
High
Overall

Male

Female

Overall

M

SE

M

SE

M

SE

.729
–.680
–.206
.177
.206
.238

.0042
.0025
.0019
.0077
.0033
.0011

.666
–.501
–.289
–.530
–.139
.111

.0038
.0018
.0017
.0087
.0026
.0010

.696
–.574
–.250
–.203
.012
.172

.0028
.0015
.0013
.0062
.0021
.0008

–.344
.024
.575
.066

.0016
.0013
.0017
.0009

–.422
–.073
.432
–.058

.0012
.0011
.0014
.0008

–.387
–.028
.502
.000

.0010
.0008
.0011
.0006

The table shows that Asian students in the sample had the highest achievement, performing at
0.70 standard deviation above the overall average on the 11th-grade mathematics assessment.
White students also performed above the sample average (M = .17). Students identifying as two
or more races performed around the average (M = .01), while Native American or Pacific
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Islander, Hispanic\Latinx, and Black students performed .20, .25, and .57 standard deviations
below the average, respectively. Low SES students also performed below average (M = –.39),
while medium SES students performed near the average (M = –.03) and high SES students
performed 0.50 standard deviations above the average. While overall, male and female
mathematics achievement was similar, males outperformed females within White, Multiracial,
and Native American or Pacific Islander groups. On the other hand, Black Females outperformed
Black males (M = –.50 compared to M = –.67). Asian, Hispanic\Latinx, groups as well as SES
groups in the sample performed similarly across males and females.
Tables 6 and 7 display descriptive statistics for highest-level math and highest-level
science course across the groups.
Table 6
Highest-Level Math Course by Personal Background
Personal Background
Race/Ethnicity
Asian
Black
Hispanic/Latinx
Native Amer/Pac Islander
Two or more races
White
SES
Low
Medium
High
Overall

Male

Female

Overall

M

SD

M

SD

M

SD

10.89
7.69
8.18
7.68
8.64
9.26

2.69
2.92
2.89
2.77
2.99
2.97

10.84
8.29
8.40
7.61
8.22
9.27

2.50
2.69
2.76
3.24
2.71
2.75

10.86
8.04
8.30
7.64
7.40
9.27

2.59
2.81
2.82
3.03
2.84
2.86

7.79
8.77
10.23
8.88

2.91
2.96
2.71
3.03

8.11
8.78
10.20
8.93

2.79
2.73
2.47
2.81

7.97
8.78
10.21
8.91

2.85
2.84
2.59
2.91

Note. 0 = no math, 1 = basic math, 2 = other math, 3 = pre-algebra, 4 = Algebra I, 5 = geometry,
6 = Algebra II, 7 = trigonometry, 8 = other advanced math, 9 = probability and statistics, 10 =
other AP/IB math, 11 = precalclus, 12 = calculus, 13 = Advanced Placement (AP)/International
Baccalaureate (IB) Calculus.
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Table 7
Highest-Level Science Course by Personal Background
Personal Background
Race/Ethnicity
Asian
Black
Hispanic/Latinx
Native Amer/Pac Islander
Two or more races
White
SES
Low
Medium
High
Overall

Male

Female

Overall

M

SD

M

SD

M

SD

3.03
1.67
1.89
1.63
2.32
2.26

1.74
1.08
1.34
1.09
1.46
1.50

3.34
2.08
2.02
2.11
2.13
2.30

1.71
1.34
1.35
0.94
1.41
1.47

3.19
1.91
1.96
1.89
2.21
2.28

1.73
1.26
1.35
1.04
1.43
1.48

1.78
2.09
2.66
2.16

1.19
1.39
1.67
1.46

1.92
2.16
2.79
2.24

1.22
1.40
1.66
1.45

1.86
2.13
2.73
2.20

1.21
1.40
1.66
1.46

Note. 0 = no science, 1 = general science, 2 = specialty science, 3 = advanced studies, 5 =
Advanced Placement (AP)/International Baccalaureate (IB) science.

The results between math and science course taking were similar. Asian, White, and high SES
groups in the sample completed higher-level courses on average, compared to all other groups.
Within each race/ethnicity and SES group, differences across gender were small, especially
compared to the differences across race/ethnicity and SES. For example, no gender difference
was close to exceeding a one course-level difference, however, differences across Black and
Asian students were more than 2 course-levels in math and 1 course-level in science.
Table 8 presents the proportions of students who enrolled in STEM within each
race/ethnicity and SES group. Rates are also shown for these groups within males and females.
To aid with interpreting the table, the first row says that 37.0 percent of Asian students chose
STEM, 41.2 percent of Asian males chose STEM, and 33.1 percent of Asian females chose
STEM.
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Table 8
STEM Major Choice by Personal Background (Weighted Row Percentages)
Personal Background
Race/Ethnicity
Asian
Black
Hispanic/Latinx
Native Amer/Pac Islander
Two or more races
White
SES
Low
Medium
High
Overall

Within Gender
Male (M/F)
Female (F/M)

Overall
37.0
14.0
18.5
25.2
20.7
22.6

41.2 (1.25)
18.8 (1.76)
29.3 (3.57)
27.8 (1.22)
29.9 (2.20)
32.0 (1.47)

33.1 (0.80)
10.7 (0.57)
8.2 (0.28)
22.8 (0.82)
13.6 (0.45)
21.8 (0.68)

15.3
21.0
28.5
21.2

24.4 (3.13)
29.9 (2.25)
37.2 (1.84)
30.2 (2.27)

7.8 (0.32)
13.3 (0.45)
20.2 (0.54)
13.3 (0.44)

Note. Percentages averaged across the 5 imputed datasets.

Overall, about 21 percent of the sample chose a STEM major over a non-STEM major.
Asian students chose STEM at the highest rate with 37 percent choosing STEM—almost twice
the rate for students overall. Native American or Pacific Islander students were next highest at
about 25 percent, followed by White students at about 23 percent. About 21 percent of
multiracial students and 18.5 percent of Hispanic/Latinx students chose STEM. Black students
chose STEM majors at the lowest rate: 14 percent—about two-thirds of the rate for students
overall and a little more than one-third the rate of Asian students.
In terms of gender, female students overall were less than half (.44) as likely to choose a
STEM major compared to males. Females were underrepresented in STEM major choice within
each race groups as well, however the extent of this underrepresentation varied across the
groups. The most pronounced gender difference was within Hispanic/Latinx students where
females were less than one-third (.28) as likely to major in STEM. The gender difference for
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multiracial students was similar to the difference for students overall (females .45 as likely as
males). Black females were in between one-half and two-thirds (.57) as likely to choose STEM
as Black males. For White students, females were about two-thirds (.68) as likely to major in
STEM. Asian students and Native American or Pacific Islander students had the smallest gender
differences with females about four-fifths (.80 and .82) as likely to choose STEM as males. In
terms of SES, students from higher SES groups chose STEM at higher rates and gender
differences became less extreme with higher SES.
From another perspective, the most well-represented groups were Asian males and high
SES males with 41.2 and 37.2 percent choosing STEM, respectively. The most underrepresented
groups included Hispanic/Latina females and low SES females with only 8.2 and 7.8 percent
choosing STEM, respectively. About one-third of Asian females chose STEM which, with the
exception of Black students, nearly matched other race/ethnicity groups’ rate for males. Unlike
with highest-level course, differences across gender were equally extreme as differences across
race/ethnicity and SES.
Correlations for the continuous variables are presented in the next section. All continuous
variables were standardized in the analyses (M = 0, SD = 1). Unstandardized means and standard
deviations for the continuous variables as well as the factor items are presented in Table 29
(Appendix C).
Math Models
The results of the SEM analyses are now presented beginning first with the single group
and multigroup math models (Figure 3). The next section then presents the results of the science
models. All models are weighed to reflect the target population.
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Factor Analysis
The SEM analysis began by testing the measurement model for the math scales including
teacher support, self-efficacy, identity, interest, and utility. The first CFA indicated excellent fit
of the measurement model (SRMR = 0.042). Recall that SRMR less than .05 and .08 are
generally considered excellent and acceptable fits, respectively; however, SRMR values will
necessarily be lower for large models and sample sizes. Modification indices were examined and
four covariances among factor items were identified as having relatively large values (more than
three times other values). Furthermore, these items were worded similarly so the specification of
these covariances in the model was deemed justified (see Byrne, 2011). After this adjustment,
the SRMR index indicated an improved fit (SRMR = .033). The residual output was also
examined, and no large residual values were found. Therefore, the measurement model was
deemed to fit the data well and the factor analytic model taken as valid. Further details of the
factor analysis including factor loadings are presented in Table 30 (Appendix C).
Correlation Analysis
Before moving on to the full SEM model, correlations were explored to examine the
bivariate relationships between the continuous variables in the model (Table 9). Most of the
variables were significantly (r < .05) pairwise correlated except for math interest on SES (r =
.005, p = .802), parent math self-efficacy with 9th-grade math achievement (r = .032, p = .063),
and parent math self-efficacy with math teacher support (r = .030, p = .081). Furthermore, these
relationships were all positive apart from math utility with SES, however this effect was small (r
= -.033, p = .029).
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Table 9
Pairwise Correlations for Continuous Variables
Variable
SES
Parent Exp
Parent MSE
Math 9
EXC
MT Support
MSE
MID
MIN
MUT
Math 11
High Math

SES
––
.223***
.138***
.382***
.113***
.075***
.058***
.071***
.005***
–.033***
.370***
.315***

Parent Exp

Parent MSE

Math 9

EXC

MT Support

––
.070***
.241***
.119***
.080***
.096***
.115***
.117***
.098***
.224***
.242***

––
.032***
.048***
.030***
.081***
.077***
.114***
.059***
.053***
.041***

––
.164***
.179***
.217***
.362***
.239***
.095***
.742***
.547***

––
.102***
.183***
.200***
.204***
.116***
.186***
.193***

––
.135***
.121***
.139***
.114***
.166***
.128***

Variable
MSE
MID
MIN
MUT
Math 11
High Math

MSE
––
.644***
.739***
.432***
.276***
.223***

MID

MIN

MUT

Math11

High Math

––
.824***
.501***
.414***
.355***

––
.569***
.295***
.296***

––
.582***

––

*
––
.145***
.165***

Note. Math 9 = 9th-grade math achievement, EXC = STEM extracurriculars, MT Support = math
teacher support, MSE = math self-efficacy, MID = math identity, MIN = math interest, MUT =
math utility, Math 11 = eleventh-grade math achievement, High Math = highest level math
course, STEM = STEM major choice.
*p < .05, **p < .01, ***p < .001.

Overall, most effects were small to moderate in size (r < .5; Cohen, 1988) with a few
notable exceptions. Strong correlations were estimated between the math attitude variables: math
identity and math interest had the strongest relationship (r = .824, p < .001), followed by math
self-efficacy with math interest (r = .739, p < .001), math self-efficacy with math identity (r =
.644, p < .001), math interest with math utility (r = .569, p < .001), and math identity with math
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utility (r = .501, p < .001). The weakest among the attitudes was math self-efficacy with math
utility (r = .432, p < .001). Other strong correlations were 9th-grade math achievement with
11th-grade math achievement (r = .742, p < .001) and highest-level math course with the math
achievement variables (r = .547, p < .001 with 9th-grade achievement and r = .582, p < .001 with
11th-grade achievement).
Single-Group SEM Analysis
With the measurement model demonstrating validity of the factorial model, the analysis
proceeded to test the structural model. The SRMR index indicated excellent fit with a value of
.032. The residual output was also examined, and no large values were found. Thus, the
structural model was determined to fit the data well. Figure 5 (below) displays the significant
paths found in the analysis. The proceeding subsections go into more detail, breaking the singlegroup SEM results into five tables for each set of paths: (a) paths to the socialization (parent
expectation and math self-efficacy) and educational experiences variables (9th-grade math
achievement, math teacher support, STEM extracurriculars), (b) paths to the math attitude
variables (math self-efficacy, identity, interest, utility), (c) paths to 11th-grade mathematics
achievement, (d) paths to highest-level math course, and (e) paths to STEM major choice.
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Figure 5
Significant Paths for Math Model

Note. Significant paths from socialization and educational experiences variables to STEM
outcomes and significant paths involving personal background variables are not shown for
clarity. Estimates are significant (p < .05) and standardized. Estimates in bold are probability
differences from probit regression.

Paths to socialization and educational experiences. The relationship between the
personal background variables and the educational experiences and socialization variables were
examined. Table 10 presents the path coefficients and standard errors for these effects. All
variables, apart from gender and race/ethnicity, were standardized.
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Table 10
Standardized Effects and Standard Errors on Socialization and Educational Experiences
Covariate
Personal Background
Female
Asian
Black
Hispanic/Latinx
Native Amer/
Pac Islander
Two or More Races
SES
R2

Parent
Expectation
.202***
(.038) **
.181***
(.080) **
.279***
(.081) **
.161***
(.056) **
–.009***
(.277) **
.124***
(.043) **
.258***
(.015) **
.070***

Socialization and Educational Experiences
Teacher
Parent MSE
Math 9
Support
–.039***
(.034) **
.387***
(.072) **
.390***
(.057) **
.164***
(.061) **
.348***
(.148) **
.080***
(.054) **
.173***
(.015) **
.039***

–.026***
(.033) **
.497***
(.070) **
–.533***
(.064) **
–.111***
(.064) **
–.260***
(.156) **
–.092***
(.057) **
.335***
(.015) **
.189***

.064***
(.036) **
.145***
(.074) **
–.009***
(.061) **
–.072***
(.069) **
–.139***
(.208) **
.032***
(.059) **
.056***
(.019) **
.008***

Extracurriculars
.060***
(.003) **
.707***
(.124) **
.220***
(.057) **
.137***
(.053) **
.157***
(.190) **
.122***
(.061) **
.133***
(.016) **
.038***

Note. All variables standardized except for gender and race/ethnicity. SRMR = .032.
*p < .05, **p < .01, ***p < .001.

Predictive effects of female included only the effect on parent expectations (β = .202, p <
.001), indicating that the model estimated that the only gender difference in terms of
socialization and educational experiences was that female students tended to have higher
educational attainment expectations from parents compared to male students when accounting
for race/ethnicity and SES.
In terms of race/ethnicity differences, the model estimated that, on average, Asian
students had higher educational expectations from their parents (β = .181, p = .023), higher
parent math self-efficacy (β = .387, p < .001), higher 9th-grade math achievement by nearly 0.5
standard deviations (β = .497, p < .001), more supportive math teachers (β = .145, p = .049), and
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participated in a greater number of STEM extracurriculars (β = .707, p < .001) compared to
White students. The model estimated that Black students had higher educational expectations
from their parents (β = .279, p = .001), higher parent math self-efficacy (β = .390, p < .001),
more than 0.5 standard deviations lower 9th-grade math achievement (β = –.533, p < .001), and
participated in a greater number of STEM extracurriculars (β = .220, p < .001) compared to
White students. Hispanic/Latinx students had higher educational expectations from their parents
(β = .161, p = .004), higher parent math self-efficacy (β = .164, p = .004) and participated in a
greater number of STEM extracurriculars (β = .137, p = .010) compared to White students. The
only difference for Native American or Pacific Islander students compared to White students
estimated by the model concerned higher parent math-self efficacy (β = .348, p = .019).
Multiracial students were estimated to have higher parent expectations (β = .124, p = .004) and
greater participation in STEM extracurriculars (β = .122, p = .045) compared to White students.
For SES, the model estimated that, when accounting for gender and race/ethnicity, all the
socialization and educational experiences variables: parent educational expectations, parent math
self-efficacy, 9th-grade mathematics achievement, math teacher support, and participation in
STEM extracurriculars tended to increase with SES. All these effects were highly significant (p
< .001) but less so for teacher support where p = .004.
Paths to math attitudes. The next set of effects involves paths from the personal
background, socialization, and educational experiences variables to the math attitude variables.
These effects are presented in Table 11. Predictive effects of gender estimated that females
tended to have lower (less positive) attitudes towards mathematics compared to males, when
accounting for race/ethnicity, SES, socialization, and educational experiences. The differences
were significant for all four math attitudes with larger differences in math self-efficacy (β = –
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.294, p < .001) and math identity (β = – .261, p < .001) and less so compared with math interest
(β = – .133, p = .002) and math utility (β = – .131, p < .001).
Table 11
Standardized Effects and Standard Errors for Paths to Math Attitudes
Predictor/Covariate
Personal Background
Female
Asian
Black
Hispanic/Latinx
Native Amer/Pac Islander
Two or More Races
SES
Socialization
Parent Expectations
Parent Math Self-Efficacy
Educational Experiences
Math Achievement 9
Math Teacher Support
STEM Extracurriculars
R2

Math Attitudes
Identity
Interest

Utility

–.294***
(.034) **
–.224***
(.102) **
.278***
(.069) **
.016***
(.053) **
.446***
(.231) **
–.056***
(.054) **
–.086***
(.017) **

–.261***
(.031) **
–.005***
(.077) **
.185***
(.070) **
–.012***
(.056) **
.285***
(.155) **
–.017***
(.068) **
–.147***
(.020) **

–.133***
(.042) **
.114***
(.108) **
.298***
(.086) **
.123***
(.064) **
.540***
(.173) **
–.028***
(.071) **
–.140***
(.024) **

–.131***
(.037) **
–.032***
(.107) **
.399***
(.071) **
.144***
(.058) **
–.002***
(.325) **
.109***
(.067) **
–.107***
(.020) **

.098***
(.019) **
.067***
(.018) **

.125***
(.020) **
.060***
(.018) **

.123***
(.022) **
.090***
(.021) **

.110***
(.022) **
.051***
(.018) **

.255***
(.018) **
.148***
(.020) **
.185***
(.015) **
.148***

.420***
(.019) **
.137***
(.018) **
.201***
(.016) **
.246***

.247***
(.026) **
.155***
(.024) **
.169***
(.022) **
.141***

.151***
(.024) **
.126***
(.023) **
.116***
(.015) **
.080***

Self-Efficacy

Note. All variables standardized except for gender and race/ethnicity. SRMR = .032.
*p < .05, **p < .01, ***p < .001.

Predictive effects related to race/ethnicity estimated that Asian students tended to have
lower math self-efficacy (β = – .224, p = .028) compared to White students, when accounting for
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gender, SES, socialization, and educational experiences. The model estimated that across all four
attitudes, Black students tended to have higher attitudes towards mathematics compared to White
students. The largest difference was in terms of math utility (β = .399, p < .001) then math selfefficacy (β = .161, p = .018 = .278, p < .001) and math interest (β = .298, p = .001) with the
smallest difference in math identity (β = .185, p = .008). The only other significant difference in
terms of race/ethnicity in the model was that Native American or Pacific Islander students were
predicted to have more than 0.5 standard deviations higher math interest (β = .540, p = .002) than
White students.
In terms of socioeconomic differences in math attitudes, the model estimated that
students from lower SES backgrounds tended to have more positive attitudes towards
mathematics. While these effects were highly significant (p < .001), they were small (largest was
on math identity where β = – .147).
For the socialization variables, the model estimated that higher parent expectations and
higher parent math self-efficacy predicted more positive attitudes towards mathematics. These
effects were highly significant (p < .001 for all effects except for parent math self-efficacy on
math identity where p = .001 and parent math self-efficacy on math identity where p = .004);
however, they were small (the largest was parent expectation on math identity where β = .125).
Similarly, the model estimated that more positive educational experiences early in high
school predicted more positive attitudes towards mathematics later in high school. These effects
were all highly significant (p < .001) and in terms of size, the largest effects related to
mathematics achievement. Notably, a 1 standard deviation increase in 9th-grade math
achievement was associated with a 0.42 standard deviation increase in math identity. The effects
of math achievement on the other attitudes were smaller: a 1 standard deviation increase in 9th-
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grade math achievement was associated with a 0.26 standard deviation increase in math selfefficacy, a 0.25 standard deviation increase in math interest and a 0.15 standard deviation
increase in math utility. Another note is that the variance in math attitudes explained by personal
background characteristics, socialization, and educational experiences was greatest for math
identity (R2 = .246 compared to .148 for math self-efficacy, .141 for math interest, and .080 for
math utility).
Paths to 11th-grade math achievement. The next set of effects involves paths from the
personal background, socialization, educational experiences, and math attitude variables to 11thgrade mathematics achievement. The standardized direct, indirect, and total effects for this part
of the path model are presented in Table 12. The indirect effects are through math attitudes. The
regression of direct effects explained 64.4 percent of the variance in students’ 11th-grade
mathematics achievement.
While there were no significant gender differences with 9th-grade mathematics
achievement, the model estimated that females had significantly (p < .001) lower 11th-grade
mathematics achievement when accounting for race/ethnicity, socialization, educational
experiences, and math attitudes. This difference was very small however at less than 0.10
standard deviations (β = –.085) on average. The model estimated that Black and Hispanic/Latinx
students tended to have lower 11th-grade mathematics achievement than White students. For
Hispanic/Latinx students this difference was small (β = –.081, p = .026) but was larger for Black
students with an estimated achievement 0.25 standard deviations (β = –.255, p < .001) lower on
average than White students. Notably, this achievement gap for Black students was estimated
even when accounting for variables that included SES, prior achievement, math teacher support,
and attitudes towards mathematics.
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Table 12
Standardized Effects and Standard Errors for Paths to 11th-grade Math Achievement
Predictor/Covariate
Personal Background
Female
Asian
Black
Hispanic/Latinx
Native Amer/Pac Islander
Two or More Races
SES
Socialization
Parent Expectations
Parent Math Self-Efficacy
Educational Experiences
Math Achievement 9
Math Teacher Support
STEM Extracurriculars
Math Attitudes
Self-Efficacy
Identity
Interest
Utility
R2

11th-Grade Math Achievement
Indirect

Direct

Total

–.085***
(.023) **
.036***
(.044) **
–.255***
(.042) **
–.081***
(.036) **
–.062***
(.187) **
–.044***
(.041) **
.033***
(.014) **

–.001***
((.032) **
.493***
(.057) **
–.266***
(.054) **
–.043***
(.054) **
–.142***
(.130) **
–.023***
(.039) **
.288***
(.015) **

–.086***
(.034) **
.529***
(.071) **
–.521***
(.054) **
–.124***
(.062) **
–.205***
(.229) **
–.067***
(.051) **
.321***
(.014) **

.155***
(.017) **
.007***
(.019) **

.014***
(.004) **
.006***
(.003) **

.169***
(.016) **
.013***
(.020) **

.636***
(.017) **
.128***
(.021) **
.121***
(.023) **

.051***
(.009) **
.015***
(.004) **
.024***
(.005) **

.687***
(.013) **
.142***
(.020) **
.145***
(.021) **

.017***
(.023) **
.130***
(.023) **
–.027***
(.036) **
–.008***
(.021) **
.644***

––

––

––

––

––

––

––

––

Note. All variables standardized except for gender and race/ethnicity. Dashes indicate the effects
were not modeled. SRMR = .032.
*p < .05, **p < .01, ***p < .001.
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As with 9th-grade mathematics achievement, SES was estimated to be a positive predictor of
11th-grade mathematics achievement (β = .033, p = .017).
Other positive predictors of 11th-grade mathematics achievement included parent
expectations (β = .155, p < .001), 9th-grade mathematics achievement (β = .636, p < .001), math
teacher support (β = .128, p < .001), STEM extracurricular participation (β = .121, p < .001) and
math identity (β = .130, p < .001). Math self-efficacy, interest, or utility did not have significant
effects (p = .473, p = .453, p = .688, respectively) indicating that out of the four math attitudes,
math identity had the strongest relationship with 11th-grade math achievement.
In terms of indirect effects, the combination of socialization, educational experiences, and
math attitudes mediated the relationship between race/ethnicity and 11th-grade mathematics
achievement, fully for Asian students, and partially for Black students (p < .001). This same
combination partially mediated the relationship between SES and 11th-grade math achievement
(p < .001). The relationships between parent expectations, 9th-grade mathematics achievement,
math teacher support, and STEM extracurricular participation and 11th-grade mathematics
achievement were partially mediated by math attitudes (p < .001). The relationship between
parent math self-efficacy and 11th-grade math achievement was fully mediated by math
attitudes, although the indirect effect was not highly significant (p = .042).
Paths to highest-level math course. The next set of effects involves paths from the
personal background, socialization, educational experiences, math attitude, and 11th-grade
mathematics achievement variables to the highest-level math course variable. The standardized
direct, indirect, and total effects for this part of the path model are presented in Table 13. The
indirect effects are through math attitudes and 11th-grade math achievement. The regression of
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direct effects explained 42.8 percent of the variance in students’ highest-level mathematics
course taken by the end of high school.
Predictive effects of gender indicated no gender differences on average in highest-level
math course when accounting for race/ethnicity, SES, educational experiences, math attitudes,
and 11th-grade math achievement. Predictive effects of race/ethnicity estimated by the model
indicated that, compared to White students, Asian students tended to take higher-level math
courses by the end of high school (β = .118, p = .006) while multiracial students took less (β = –
.206, p < .001). In terms of SES, the model estimated that higher SES predicted a higher-level
math course taken by the end of high school (β = .066, p < .001). Given that the standard
deviation was about 3 course-levels (out of 13), the above effects amounted to less than 1 course
level.
Higher parent expectations (β = .128, p < .001), math achievement (β = .282, p < .001 for
9th grade and β = .247, p < .001 for 11th), math teacher support (β = .054, p = .004), and STEM
extracurricular participation (β = .095, p < .001) predicted a higher-level math course taken by
the end of high school. The size of the effect of math achievement translated to a one course
level increase for every standard deviation increase in math achievement. Three of the four math
attitudes had significant effects on highest-level math course completed. Math identity and math
interest were positive predictors (β = .074, p = .004 and β = .107, p = .018, respectively). Math
self-efficacy was a negative predictor (β = –.071, p = .001). Again, these effects were small when
accounting for the other variables in the model.
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Table 13
Standardized Effects and Standard Errors for Paths to Highest-Level Math Course
Predictor/Covariate
Personal Background
Female
Asian
Black
Hispanic/Latinx
Native Amer/Pac Islander
Two or More Races
SES
Socialization
Parent Expectations
Parent Math Self-Efficacy
Educational Experiences
Math Achievement 9
Math Teacher Support
STEM Extracurriculars
Math Attitudes
Self-Efficacy
Identity
Interest
Utility
STEM Outcomes
Math Achievement 11
R2

Highest-Level Math Course
Indirect

Direct

Total

.047***
(.033) **
.118***
(.043) **
–.019***
(.058) **
–.045***
(.046) **
–.324***
(.131) **
–.206***
(.053) **
.066***
(.016) **

–.003***
(.023) **
.435***
(.050) **
–.208***
(.039) **
–.021***
(.038) **
–.082***
(.111) **
–.012***
(.031) **
.223***
(.012) **

.045***
(.034) **
.553***
(.060) **
–.227***
(.059) **
–.066***
(.053) **
–.407***
(.200) **
–.218***
(.060) **
.289***
(.017) **

.128***
(.019) **
–.014***
(.013) **

.058***
(.008) **
.013***
(.006) **

.186***
(.019) **
–.001***
(.016) **

.282***
(.029) **
.054***
(.019) **
.095***
(.015) **

.211***
(.022) **
.052***
(.006) **
.057***
(.008) **

.492***
(.017) **
.106***
(.019) **
.152***
(.017) **

–.071***
(.026) **
.074***
(.026) **
.107***
(.045) **
.009***
(.021) **

.004***
(.006) **
.032***
(.007) **
–.007***
(.009) **
–.002***
(.005) **

–.067***
(.028) **
.106***
(.027) **
.101***
(.045) **
.007***
(.021) **

.247***
(.030) **
.428***

––

––

Note. All variables standardized except for gender and race/ethnicity. Dashes indicate the effects
were not modeled. SRMR = .032. *p < .05, **p < .01, ***p < .001.
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In terms of indirect effects, the combination of socialization, educational experiences,
math attitudes, and 11th-grade math achievement mediated the relationship between
race/ethnicity and highest-level math course, fully for Asian and Black students (p < .001). This
combination partially mediated the relationship between SES and highest-level math course (p <
.001). The relationships between parent expectations, 9th-grade math achievement, math teacher
support, and STEM extracurricular participation and highest-level math course were partially
mediated by the combination of math attitudes and 11th-grade math achievement (p < .001). The
relationship between parent math self-efficacy and highest-level math course was fully mediated
by math attitudes, although the indirect effect was not highly significant (p = .041).
Paths to STEM major choice. The next set of effects involves paths from the personal
background, socialization, educational experiences, math attitudes, 11th-grade mathematics
achievement, and the highest-level math course variables to the STEM major choice variable.
The standardized direct, indirect, and total effects for this part of the path model are presented in
Table 14. The indirect effects are through math attitudes, 11th-grade math achievement, and
highest-level math course. The probit regression of direct effects explained 42.8 percent of the
variance in students’ highest-level mathematics course taken by the end of high school. Table 14
also contains probability differences for the significant (p < .05) effects in the probit regression
on STEM. For the continuous variables, these represented the probability of choosing STEM
with a 1 standard deviation increase in the predictor variable with gender at male, race/ethnicity
at White, and all other variables at the mean. For gender, this represented the difference in
probability of a typical (White with mean levels on all continuous variables) female choosing
STEM compared to a typical male.
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Table 14
Standardized Effects and Standard Errors for Paths to STEM Major Choice
Predictor/Covariate
Personal Background
Female
Asian
Black
Hispanic/Latinx
Native Amer/Pac Islander
Two or More Races
SES
Socialization
Parent Expectations
Parent Math Self-Efficacy
Educational Experiences
Math Achievement 9
Math Teacher Support
STEM Extracurriculars
Math Attitudes
Self-Efficacy
Identity
Interest
Utility
STEM Outcomes
Math Achievement 11
Highest-Level Math Course
Pseudo R2

Direct [Prob Diff]

STEM Major Choice
Indirect

Total

–.570***[–.163]
(.051) ***[.064]
.118***[–.107]
(.102) ***[.064]
–.134***[–.107]
(.098) ***[.064]
.003***[–.107]
(.069) ***[.064]
.230***[–.107]
(.216) ***[.064]
.033***[–.107]
(.080) ***[.064]
.012***[–.107]
(.030) ***[.064]

–.025***
(.023) **
.337***
(.047) **
–.046***
(.038) **
.006***
(.031) **
–.046***
(.090) **
–.027***
(.026) **
.153***
(.016) **

–.595***
(.050) **
.455***
(.101) **
–.180***
(.091) **
.009***
(.069) **
.184***
(.257) **
.006***
(.080) **
.165***
(.024) **

.079***[.028]–
(.032) ***[.064]
.008***[–.107]
(.023) ***[.064]

.075***
(.012) **
.016***
(.007) **

.154***
(.028) **
.024***
(.024) **

.097***[.034]–
(.045) ***[.064]
–.007***[–.107]
(.021) ***[.064]
.077***[.027]–
(.025) ***[.064]

.217***
(.038) **
.064***
(.011) **
.080***
(.013) **

.315***
(.023) **
.057***
(.031) **
.157***
(.021) **

.029***[–.107]
(.023) ***[.064]
.113***[.040]–
(.023) ***[.064]
.037***[–.107]
(.036) ***[.064]
.059***[–.107]
(.021) ***[.064]

–.010***
(.006) **
.030***
(.009) **
.015***
(.010) **
.000***
(.005) **

.019***
(.051) **
.143***
(.042) **
.052***
(.077) **
.060***
(.039) **

.084***[.030]–
(.046) ***[.064]
.176***[.064]–
(.033) ***[.064]
.295***[.064]–

.043***
(.010) **
–

.128***
(.048) **
–

Note. Numbers in brackets are probability differences for the probit regression. Dashes indicate
the effects were not modeled. SRMR = .032. *p < .05, **p < .01, ***p < .001.
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After accounting for socialization, educational experiences, math attitudes, 11th-grade
math achievement, and highest-level math course, the model estimated that the only personal
background characteristic significantly predictive of STEM major choice was gender (β = –.570,
p < .001). Probit probabilities estimated that an average female’s likelihood of choosing STEM
was 16 percentage points less than that of an average male. This in fact matches the sample
statistic presented earlier.
The model also predicted that students with higher parent expectations (β = .079, p =
.013), higher 9th-grade math achievement (β = .097, p = .029), a greater number of STEM
extracurriculars (β = .077, p = .002), a higher sense of math identity (β = .113, p = .006), and
higher level math courses completed (β = .176, p < .001) were more likely to have chosen a
major in a STEM field. Having parent expectations or 9th-grade math achievement 1 standard
deviation above the mean for an otherwise average student was associated with a 3 percentagepoint (.028 and .034, respectively) higher probability of choosing STEM. Participation in STEM
extracurriculars at a level 1 standard deviation above the mean (unstandardized this translates
into 2 summer camps, clubs, or competitions since 11th grade) for an otherwise average student
was associated with a 4 percentage-point higher probability of choosing STEM. Having a sense
of math identity 1 standard deviation above the mean for an otherwise average student was
associated with a 4 percentage-point higher probability of choosing STEM. Having completed as
the highest-level course a math course 1 standard deviation above the mean level
(unstandardized this translates to non-AP/IB calculus course) for an otherwise average student
was associated with a 6.4 percentage-point higher probability of choosing STEM. These effects
are substantial considering the percentage of students who chose STEM in the sample was 21.2
percent.
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In terms of indirect effects, the combination of socialization, educational experiences,
math attitudes, 11th-grade mathematics achievement, and highest-level math course fully
mediated the relationship between race/ethnicity and STEM major choice for Asian students (p <
.001). This combination also fully mediated the relationship between SES and STEM major
choice (p < .001). The relationships between parent expectations, 9th-grade mathematics
achievement, and STEM extracurricular participation and STEM major choice were partially
mediated by the combination of math attitudes, 11th-grade mathematics achievement, and
highest-level math course (p < .001). The relationships between parent math self-efficacy, and
math teacher support and STEM major choice were fully mediated by the combination of math
attitudes, 11th-grade mathematics achievement, and highest-level math course. Eleventh-grade
mathematics achievement and highest-level math course partially mediated the relationship
between math identity and STEM major choice (p < .001). Highest-level math course mediated
the relationship between 11th-grade mathematics achievement and STEM major choice (p <
.001).
Multigroup SEM Analysis
This section presents the results of the multigroup analyses which were performed to
examine if the significance of the paths in the math model differed by gender, race/ethnicity, and
SES. Three sets of multigroup analyses were performed one for each set of potential moderators.
Results of the factor analyses to test measurement invariance for each of the multigroup models
are presented first. Then, tables display the model effects that were found to be non-invariant
across the groups within each set. For simplicity, only moderation of the predictors (not the
covariates, which were themselves moderators) are presented.
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Measurement invariance. To check that the math attitudes and teacher support scales
were measured similarity across the groups, tests for measurement invariance were implemented.
The gender measurement model with non-invariant factors loadings had SRMR = .034 and no
large residual values. The measurement model with invariant factor loadings had SRMR = .036
and no large residual values. With a change in SRMR of only .002, the model specifying
measurement invariance across the gender groups appeared to fit the data just as well as the
model specifying measurement non-invariance. Thus, measurement invariance was assumed for
the gender multigroup model and the multigroup analysis proceeded as planned.
Similarly, measurement invariance was tested with the race/ethnicity and the SES
multigroup models. For the race/ethnicity multigroup, change in fit specifying measurement noninvariance to specifying measurement invariance was negligible at .001 (SRMR = .034 to SRMR
= .035, respectively). For the SES multigroup, change in fit was also negligible with SRMR
values of .036 to .038 for the measurement non-invariant and the measurement invariant CFA
respectively. Therefore, measurement invariance was assumed in these cases as well and the
multigroup analyses proceeded as planned.
Moderation effect of gender. The results of the differentiated paths that were found in
the multigroup analysis on gender are presented in Table 15. Eleven effects were identified in
total. The full SEM model had excellent fit (SRMR = .035 and no large individual residual
values found). Parent expectation was a positive predictor of math utility for males (p < .001) but
did not have a significant effect on math utility for females (p = .070). Higher parent math-selfefficacy predicted higher math identity (p = .003) and utility (p = .027) for females, but these
relationships were not found to be significant for males (p = .080, p = .105, respectively). Higher
math teacher support, math self-efficacy, and math interest predicted higher-level math
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coursework for females (p = .007, p = .012, p = .025, respectively), but the corresponding effects
were not found to be significant for males (p = .094, p = .251, p = .165, respectively).
Table 15
Gender-Differentiated Paths
Effect
Parent Expectations
On Math Utility
On STEM Major Choice
Parent Math Self-Efficacy
On Math Identity
On Math Utility
Math Achievement 9
On STEM Major Choice
STEM Extracurriculars
ON STEM Major Choice
Math Teacher Support
On Highest-Level Math
Math Self-Efficacy
On Highest-Level Math
Math Identity
On STEM Major Choice
Math Interest
On Highest-Level Math
Math Achievement 11
On STEM Major Choice

Gender Group
Male

Female

.177***
(.033) **
.054***
(.046) **

.047***
(.026) **
.119***
(.049) **

.041***
(.024) **
.044***
(.027) **

.075***
(.026) **
.056***
(.025) **

.098***
(.074) **

.112***
(.056) **

.089***
(.037) **

.058***
(.037) **

.048***
(.028) **

.060***
(.022) **

–.039***
(.033) **

–.109***
(.043) **

.202***
(.061) **

.003***
(.066) **

.082***
(.059) **

.145***
(.065) **

.038***
(.072) **

.213***
(.049) **

Note. All variables standardized except STEM major choice. SRMR = .035.
*p < .05, **p < .01, ***p < .001.
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Parent expectations and math achievement were unique predictors of STEM major choice
for females (p = .015, p = .047, p = .032 respectively for females; p = .241, p = .187, p = .597 for
males), while STEM extracurricular participation and math identity were unique to males (p =
.016, p = .001, respectively for males; p = .115, p = .967, respectively for females). In the end,
highest-level math course was the only significant predictor of STEM major choice not
moderated by gender.
Moderation effect of race/ethnicity. The next multigroup model examined differences
across the Asian or White students and underrepresented minority (URM) students. Results of
the race/ethnicity-differentiated paths that were found in the analysis are presented in Table 16.
Eleven effects were identified in total. The full SEM model had excellent fit (SRMR = .038 and
no large individual residual values found).
A clear pattern emerged in the race-ethnicity moderated paths. All eleven of differences
were ones that were found to be significant in the Asian or White group but not found to be
significant in the URM group. These effects included parent math-self-efficacy on math utility (p
= .001 for White or Asian, p = .094 for URM) and number of STEM extracurriculars on 11thgrade mathematics achievement (p < .001 for White or Asian, p = .254 for URM). On highest
level math course, these included math teacher support (p < .001 for White or Asian, p = .199 for
URM), math self-efficacy (which was a negative predictor p = .001 for White or Asian, p = .630
for URM), math identity (p = .001 for White or Asian, p = .441 for URM), and math interest (p =
.001 for White or Asian, p = .453 for URM). On STEM major choice, these included parent
expectations (p = .019 for White or Asian, p = .127 for URM), 9th-grade mathematics
achievement (p = .005 for White or Asian, p = .373 for URM), number of STEM extracurriculars
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(p = .001 for White or Asian, p = .387 for URM), math identity (p = .040 for White or Asian, p =
.082 for URM), and math interest (p = .030 for White or Asian, p = .396 for URM).
Table 16
Race/Ethnicity-Differentiated Paths
Effect
Parent Expectations
On STEM Major Choice
Parent Math Self-Efficacy
On Math Utility
Math Achievement 9
On STEM Major Choice
Math Teacher Support
On Highest-Level Math
STEM Extracurriculars
On Math Achievement 11
On STEM Major Choice
Math Self-Efficacy
On Highest-Level Math
Math Identity
On Highest-Level Math
On STEM Major Choice
Math Interest
On Highest-Level Math
On STEM Major Choice

Race/Ethnicity Group
White or Asian

URM

.089***
(.038) **

.084***
(.055) **

.061***
(.019) **

.056***
(.033) **

.115***
(.056) **

.071***
(.080) **

.071***
(.019) **

.045***
(.035) **

.205***
(.026) **
.127***
(.037) **

.043***
(.038) **
.037***
(.043) **

–.121***
(.029) **

–.025***
(.052) **

.100***
(.030) **
.092***
(.045) **

.037***
(.047) **
.156***
(.082) **

.152***
(.046) **
.150***
(.069) **

.072***
(.096) **
–.126***
(.149) **

Note. All variables standardized except STEM major choice. SRMR = .038.
*p < .05, **p < .01, ***p < .001.
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It is important to note that the standard errors were all larger in the URM group, meaning
that the analysis was less sensitive at detecting effects in the URM group compared to the Asian
or White group. This likely explains some of the small differences seen in the table and the
existence of moderation should be taken with caution. In the end, there were still many paths that
were not moderated by race/ethnicity. All the paths from the socialization and educational
experiences remained significant positive predictors of the math attitudes for both groups (apart
from the one mentioned above). Ninth-grade math achievement, parent expectations, teacher
support, and math identity remained significant positive predictors of 11th-grade math
achievement. Ninth-grade math achievement, STEM extracurricular participation, and 11thgrade math achievement remained positive predictors of higher-level math coursework. Only
higher-level math coursework remained a significant positive predictor of STEM major choice
for both groups.
Moderation effect of SES. The last multigroup model for math examined differences
across the low, middle, and high socioeconomic groups. Results of the SES-differentiated effects
found in the analysis are presented in Table 17. Eleven effects were identified in total. The full
SEM model had excellent fit (SRMR = .038 and no large individual residual values).
The effect of parent math self-efficacy on the math attitudes varied in several ways across
the SES groups. Parent math self-efficacy was a significant predictor of students’ math selfefficacy for the low and medium group (p = .008, p = .069, p = .021, for low, medium, and high,
respectively); while it was significant on math identity and math utility only for the high group
only (p = .180, p = .083, p = .004, for low, medium, and high on math identity and p = .445, p =
.366, p < .001, for low, medium, and high on math utility, respectively); then it was significant
on math interest for the medium and high group but not the low group (p = .055, p = .007, p =
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.002, for low, medium, and high, respectively). STEM extracurricular participation was a
significant predictor of 11th-grade math achievement for all but the low SES group (p = .418, p <
.001, p < .001, for low, medium, and high, respectively).
Table 17
SES-Differentiated Paths
Effect
Parent Expectations
On STEM Major Choice
Parent Math Self-Efficacy
On Math Utility
On Math Identity
On Math Interest
On Math Utility
Math Achievement 9
On STEM Major Choice
Math Teacher Support
On Highest-Level Math
STEM Extracurriculars
On Math Achievement 11
On STEM Major Choice
Math Self-Efficacy
On Highest-Level Math
Math Interest
On Highest-Level Math

SES Group
Medium

Low

High

.073***
(.058) **

.096***
(.047) **

.070***
(.049) **

.089***
(.033) **
.053***
(.040) **
.086***
(.045) **
.031***
(.040) **

.048***
(.026) **
.044***
(.025) **
.084***
(.032) **
.024***
(.022) **

.069***
(.030) **
.085***
(.030) **
.087***
(.028) **
.109***
(.025) **

–.019***
(.086) **

.163***
(.061) **

.111***
(.072) **

.098***
(.042) **

.045***
(.025) **

.026***
(.026) **

.037***
(.045) **
.045***
(.051) **

.149***
(.030) **
.072***
(.035) **

.213***
(.044) **
.116***
(.051) **

–.043***
(.058) **

–.125***
(.042) **

–.059***
(.042) **

.081***
(.107) **

.179***
(.076) **

.048***
(.064) **

Note. All variables standardized except STEM major choice. SRMR = .038.
*p < .05, **p < .01, ***p < .001.
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SES-differentiated effects on highest-level math course included teacher support, math
self-efficacy, and math interest. Teacher support was found to be significant for only the low
SES group (p = .018, p = .078, p = .320, for low, medium, and high, respectively). Math selfefficacy and math interest were found to be significantly related to highest-level math for the
medium SES group only; while self-efficacy was a significant positive predictor for this group (p
= .456, p = .003, p = .156, for low, medium, and high, respectively), math interest was a
significant negative predictor (p = .450, p = .019, p = .456, for low, medium, and high,
respectively).
SES-differentiated effects on STEM major choice included parent expectations, 9th-grade
math achievement, and STEM extracurriculars. Parent expectations and 9th-grade mathematics
achievement were significant for the medium SES group only (for parent expectations p = .211,
p = .040, p = .149, for low, medium, and high, respectively; for math achievement p = .820, p =
.008, p = .122, for low, medium, and high, respectively), while STEM extracurricular
participation was significant for the medium and high SES groups (p = .373, p = .042, p = .022).
Again, it is noted that the standard errors were smallest in the medium SES group, so the
analysis was most sensitive to detecting effects in that group which could explain some of the
small differences in that group compared to the others. There were still many paths that were not
moderated by SES. This included all paths from parent expectations and the educational
experiences to the math attitudes, 9th-grade math achievement on 11th-grade math achievement
and highest-level math, STEM extracurriculars on highest-level math, as well as math identity on
11th-grade mathematics achievement and highest-level math course. This concludes the results
of the math models.
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Science Models
The procedures performed above were repeated with the science model (Figure 4). This
section presents those results with the same organizational structure.
Factor Analysis
The SEM analysis for the math model began by testing the measurement model for the
science-specific scales including science teacher support, self-efficacy, identity, interest, and
utility. The first CFA indicated excellent fit of the measurement model (SRMR = 0.043).
Modification indices were examined and the four corresponding covariances among factor items
from the math model were identified as having relatively large values (more than three times
other values). These items were also worded similarly so the specification to add these
covariances to the model was deemed justified (see Byrne, 2011). After this adjustment, the
SRMR index indicated an improved fit (SRMR = .031). The residual output was also examined,
and no large residual values were found so the measurement model was deemed to fit the data
well. Further details of the factor analysis including factor loadings are presented in Table 31
(Appendix C).
Correlation Analysis
Before moving on to the full SEM model, correlations were explored to examine the
bivariate relationships between the continuous variables in the model (Table 18). Most of the
variables were significantly (p < .05) pairwise correlated with one exception: parent science selfefficacy with science teacher support (r = .037, p = .051). Furthermore, these relationships were
all positive. Overall, most of the effects were small (r < .1) or small to moderate (r < .5) with a
few notable exceptions. Strong correlations were estimated between the science attitude
variables: science self-efficacy and science interest had the strongest relationship (r = .762, p <

95

.001), followed by science identity and science interest (r = .748, p < .001), science identity with
science utility (r = .640, p < .001), science interest with science utility (r = .609, p < .001), and
science self-efficacy with science utility (r = .584, p < .001). The weakest correlation among the
attitudes was science self-efficacy with science utility (r = .432, p < .001). Outside of science
attitudes there was one strong correlation, that of 9th-grade math achievement with 11th-grade
math achievement (r = .742, p < .001).
Table 18
Pairwise Correlations for Continuous Variables
Variable
SES
Parent Exp
Parent SSE
Math 9
EXC
ST Support
SSE
SID
SIN
SUT
Math 11
High Sci

SES
––
.223***
.253***
.382***
.113***
.069***
.071***
.152***
.053***
.044***
.370***
.247***

Parent Exp

Parent SSE

Math 9

EXC

ST Support

––
.111***
.241***
.119***
.067***
.067***
.116***
.105***
.130***
.224***
.197***

––
.051***
.049***
.037***
.081***
.073***
.070***
.079***
.054***
.037***

––
.164***
.150***
.147***
.199***
.126***
.160***
.742***
.381***

––
.087***
.147***
.199***
.126***
.160***
.186***
.188***

––
.175***
.145***
.142***
.155***
.133***
.114***

Variable
SSE
SID
SIN
SUT
Math 11
High Sci

SSE
––
.584***
.762***
.460***
.170***
.126***

SID

SIN

SUT

Math11

High Sci

––
.339***

––

––
.748***
.640***
.207***
.253***

*
––
.609***
.143***
.207***

––
.198***
.223***

Note. Math 9 = 9th-grade math achievement, EXC = STEM extracurriculars, ST Support =
science teacher support, SSE = science self-efficacy, SID = science identity, SIN = science
interest, SUT = science utility, Math 11 = eleventh-grade math achievement, High Sci = highest
level science course, STEM = STEM major choice.
*p < .05, **p < .01, ***p < .001.
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Single-Group SEM Analysis
With the measurement model demonstrating validity of the factorial model, the analysis
proceeded to test the structural model. The SRMR index indicated excellent fit with a value of
.030. The residual output was also examined, and no large values were found. Thus, the
structural model was determined to fit the data well. Figure 6 (below) displays the significant
paths found in the analysis. The proceeding subsections go into more detail, breaking the singlegroup SEM results into five tables for each set of paths: (a) paths to the socialization and
educational experiences variables, (b) paths to the science attitude variables, (c) paths to 11thgrade math achievement, (d) paths to highest-level science course, and (e) paths to STEM major
choice.
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Figure 6
Significant Paths for Science Model

Note. Significant paths from socialization and educational experiences variables to STEM
outcomes and significant paths involving personal background variables are not shown for
clarity. Estimates are significant (p < .05) and standardized. Estimates in bold are probability
differences from probit regression.

Paths to socialization and educational experiences. The relationship between the
personal background variables and the educational experiences and socialization variables were
examined. Table 19 presents the path coefficients and standard errors for these effects in the
science model. All variables, apart from gender and race/ethnicity, were standardized.
As with the math model, the only significant gender difference in terms of socialization
and educational experiences was that female students tended to have parents with higher
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educational attainment expectations compared to male students when accounting for
race/ethnicity and SES (β = .202, p < .001).
Table 19
Standardized Effects and Standard Errors on Socialization and Educational Experiences

Covariate
Personal Background
Female
Asian
Black
Hispanic/Latinx
Native Amer/
Pac Islander
Two or More Races
SES
R2

Parent
Expectation
.202***
(.038) **
.181***
(.080) **
.278***
(.081) **
.161***
(.056) **
–.008***
(.275) **
.124***
(.043) **
.258***
(.015) **
.070***

Socialization and Educational Experiences
Teacher
Parent SSE
Math 9
Support
–.003***
(.034) **
.029***
(.069) **
.315***
(.056) **
–.109***
(.066) **
.026***
(.132) **
.034***
(.074) **
.254***
(.017) **
.079***

–.026***
(.030) **
.497***
(.070) **
–.532***
(.064) **
–.111***
(.064) **
–.261***
(.155) **
–.092***
(.057) **
.335***
(.015) **
.189***

–.023***
(.037) **
.048***
(.071) **
–.095***
(.062) **
–.114***
(.069) **
–.147***
(.238) **
–.038***
(.054) **
.045***
(.019) **
.007***

Extracurriculars
.060***
(.033) **
.707***
(.124) **
.220***
(.057) **
.137***
(.053) **
.158***
(.189) **
.122***
(.061) **
.133***
(.016) **
.038***

Note. All variables standardized except for gender and race/ethnicity. SRMR = .030.
*p < .05, **p < .01, ***p < .001.

In terms of race/ethnicity differences, the model predicted that, on average, Asian
students had higher educational expectations from their parents (β = .181, p = .023), higher 9thgrade math achievement (β = .497, p < .001), and participated in a greater number of STEM
extracurriculars (β = .707, p < .001) compared to White students. The model estimated that Black
students had higher educational expectations from their parents (β = .278, p = .001), higher
parent science self-efficacy (β = .315, p < .001), lower 9th-grade math achievement (β = –.532,
p < .001), and participated in a greater number of STEM extracurriculars (β = .220, p < .001)

99

compared to White students. Hispanic/Latinx students had higher educational expectations from
their parents (β = .161, p = .004) and participated in a greater number of STEM extracurriculars
(β = .137, p = .010) compared to White students. There were no differences for Native American
or Pacific Islander students compared to White students estimated by the model. Students who
identified as being of two or more races were estimated to have higher educational expectations
from their parents (β = .124, p = .004) and greater participation in STEM extracurriculars (β =
.122, p = .044) compared to White students.
For SES, the model estimated that, accounting for gender and race/ethnicity, all the
socialization and educational experiences variables: parent educational attainment expectations,
parent science self-efficacy, 9th-grade mathematics achievement, science teacher support, and
participation in STEM extracurriculars tended to increase with SES. All these effects were highly
significant (p < .001) but less so for teacher support where p = .016.
Overall, the results of the science model only differed slightly from the math model.
There were less differences in parent self-efficacy in science than there was for math. Parent
math self-efficacy was estimated to be higher than White students for all races expect for
students of two or more races. Contrastingly, parent science self-efficacy was only estimated to
differ for Black students (β = .315, p < .001). One other difference concerned teacher support.
Compared to science teacher support, which was found to not differ significantly across
race/ethnicity, math teacher support was estimated to be higher for Asian students; although this
difference was very near the significance threshold (β = .145, p = .049).
Paths to science attitudes. The next set of effects involves paths from the personal
background, socialization, and educational experiences variables to the science attitude variables.
The standardized effects are presented in Table 20.
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Table 20
Standardized Effects and Standard Errors for Paths to Science Attitudes
Predictor/Covariate
Personal Background
Female
Asian
Black
Hispanic/Latinx
Native Amer/Pac Islander
Two or More Races
SES
Socialization
Parent Expectations
Parent Science Self-Efficacy
Educational Experiences
Math Achievement 9
Science Teacher Support
STEM Extracurriculars
R2

Science Attitudes
Identity
Interest

Utility

–.278***
(.031) **
–.174***
(.075) **
.161***
(.068) **
.113***
(.050) **
.239***
(.148) **
–.011***
(.064) **
–.057***
(.019) **

–.186***
(.029) **
–.163***
(.073) **
–.067***
(.067) **
–.092***
(.048) **
.104***
(.244) **
–.054***
(.069) **
.010***
(.019) **

–.169***
(.043) **
–.055***
(.090) **
.027***
(.071) **
–.068***
(.059) **
.167***
(.191) **
–.044***
(.074) **
–.084***
(.024) **

–.052***
(.036) **
.077***
(.078) **
.194***
(.061) **
–.010***
(.055) **
.023***
(.182) **
.104***
(.056) **
–.097***
(.020) **

.068***
(.020) **
.059***
(.021) **

.106***
(.022) **
.037***
(.025) **

.116***
(.024) **
.051***
(.021) **

.121***
(.022) **
.066***
(.023) **

.150***
(.023) **
.172***
(.020) **
.173***
(.015) **
.112***

.163***
(.019) **
.138***
(.019) **
.243***
(.016) **
.142***

.146***
(.020) **
.150***
(.024) **
.173***
(.019) **
.093***

.176***
(.018) **
.163***
(.020) **
.220***
(.015) **
.127***

Self-Efficacy

Note. All variables standardized except for gender and race/ethnicity. SRMR = .030.
*p < .05, **p < .01, ***p < .001.

As with math attitudes, the science model estimated that, across all four attitudes, females
tended to have less positive attitudes towards science compared to males, when accounting for
race/ethnicity, SES, socialization, and educational experiences. The differences were highly
significant (p < .001) for all four science attitudes. The largest difference related to science self101

efficacy (β = – .278). Science identity had an effect of β = – .186, science interest had an effect
of β = – .169. The smallest gender difference was in science utility (β = – .052).
Predictive effects related to race/ethnicity estimated that Asian students tended to have
lower science self-efficacy (β = – .174, p = .020) and lower science identity (β = – .163, p =
.024) compared to White students, when accounting for gender, SES, socialization, and
educational experiences. The model estimated that Black students and Hispanic or Latinx
students tended to have higher science self-efficacy (β = .161, p = .018 and β = .113, p = .024,
respectively) than White students in the sample. Black students were also estimated to have
higher math utility (β = .194, p = .001) on average than White students.
Similar to the math model with the exception of identity, the science model estimated that
students from lower SES backgrounds tended to have more positive attitudes towards science.
Again however, these effects were small. The largest effect was on science utility where β = –
.097 (p < .001). The effect of SES on science interest and science self-efficacy were β = – .084 (p
< .001) and β = – .057 (p = .002), respectively.
For the socialization variables, the model estimated that, apart from parent science selfefficacy on student science identity, higher parent expectations and higher parent science selfefficacy predicted more positive student attitudes towards science, however these effects were
small. The most significant effects were that of parent expectation on science utility (β = .121, p
< .001), science interest (β = .116, p < .001), and science identity (β = .106, p < .001).
Also analogous to the math model, the science model estimated that more positive
educational experiences early in high school predicted more positive attitudes towards science
later in high school. The effects were all highly significant (p < .001). Expectedly, math
achievement was not as strong of a predictor of science attitudes as it was for math attitudes
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(recall the effect of math achievement on math identity was .42 and around .25 on math selfefficacy and interest). Also similar to the math model was that the variance in science attitudes
explained by personal background characteristics, socialization, and educational experiences was
greatest for science identity, however it was more similar across the four attitudes (R2 = .142,
.127, .112, .093 for science identity, utility, self-efficacy, and interest, respectively).
Paths to 11th-grade mathematics achievement. The next set of effects involves paths
from the personal background, socialization, educational experiences, and science attitude
variables to 11th-grade mathematics achievement. The standardized direct, indirect, and total
effects for this part of the path model are presented in Table 21. The indirect effects are through
math attitudes. The regression of direct effects explained 62.6 percent of the variance in students’
11th-grade mathematics achievement.
As with the math model, the science model estimated that females tended to have slightly
lower (around 0.10 standard deviations) 11th-grade mathematics achievement when accounting
for race/ethnicity, socialization, educational experiences, and math attitudes (β = –.111, p <
.001). Also, the science model estimated that Black and Hispanic/Latinx students tended to have
lower 11th-grade mathematics achievement than White students (and β = –.231, p < .001 and β =
–.088, p = .021, respectively). SES was estimated to be a positive predictor of 11th-grade
mathematics achievement (β = .034, p = .010), which agreed with the math model as well.
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Table 21
Standardized Effects and Standard Errors for Paths to 11th-grade Math Achievement
Predictor/Covariate
Personal Background
Female
Asian
Black
Hispanic/Latinx
Native Amer/Pac Islander
Two or More Races
SES
Socialization
Parent Expectations
Parent Science Self-Efficacy
Educational Experiences
Math Achievement 9
Science Teacher Support
STEM Extracurriculars
Science Attitudes
Self-Efficacy
Identity
Interest
Utility
R2

11th-grade Math Achievement
Indirect

Direct

Total

–.111***
(.022) **
.042***
(.045) **
–.231***
(.041) **
–.088***
(.038) **
–.030***
(.210) **
–.044***
(.042) **
.034***
(.013) **

.025***
(.025) **
.486***
(.056) **
–.290***
(.054) **
–.037***
(.052) **
–.175***
(.145) **
–.025***
(.042) **
.287***
(.014) **

–.086***
(.034) **
.529***
(.071) **
–.521***
(.054) **
–.124***
(.062) **
–.205***
(.230) **
–.067***
(.051) **
.321***
(.014) **

.169***
(.017) **
–.028***
(.021) **

.000***
(.002) **
.002***
(.002) **

.169***
(.016) **
–.026***
(.021) **

.685***
(.014) **
.104***
(.020) **
.145***
(.022) **

.002***
(.004) **
.003***
(.004) **
.000***
(.004) **

.687***
(.013) **
.107***
(.018) **
.145***
(.021) **

.025***
(.029) **
–.047***
(.025) **
–.016***
(.034) **
.045***
(.025) **
.626***

––

––

––

––

––

––

––

––

Note. All variables standardized except for gender and race/ethnicity. Dashes indicate the effects
were not modeled. SRMR = .030.
*p < .05, **p < .01, ***p < .001.
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Other positive predictors of 11th-grade mathematics achievement included parent
expectations (β = .169, p < .001), 9th-grade mathematics achievement (β = .685, p < .001),
science teacher support (β = .104, p < .001) and STEM extracurricular participation (β = .145, p
< .001). What differed from the math model related to attitudes. With all four science attitudes in
the model, none were significant predictors of 11th-grade math achievement (p = .394, p = .062,
p = .634, p = .078 for science self-efficacy, identity, interest, and utility, respectively).
In terms of indirect effects, the combination of socialization, educational experiences, and
science attitudes mediated the relationship between race/ethnicity and 11th-grade mathematics
achievement, fully for Asian students, and partially for Black students (p < .001). This same
combination partially mediated the relationship between SES and 11th-grade math achievement
(p < .001). The science attitudes did not significantly mediate relationships between any of the
socialization or educational experiences variables and 11th-grade mathematics achievement.
Paths to highest-level science course. The next set of effects involves paths from the
personal background, socialization, educational experiences, math attitude, and 11th-grade
mathematics achievement variables to the highest-level science course variable. The
standardized direct, indirect, and total effects for this part of the path model are presented in
Table 22. The indirect effects are through science attitudes and 11th-grade math achievement.
The regression of direct effects explained 25.3 percent of the variance in students’ highest-level
science course taken by the end of high school.
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Table 22
Standardized Effects and Standard Errors for Paths to Highest-Level Science Course
Predictor/Covariate
Personal Background
Female
Asian
Black
Hispanic/Latinx
Native Amer/Pac Islander
Two or More Races
SES
Socialization
Parent Expectations
Parent Science Self-Efficacy
Educational Experiences
Math Achievement 9
Science Teacher Support
STEM Extracurriculars
Science Attitudes
Self-Efficacy
Identity
Interest
Utility
STEM Outcomes
Math Achievement 11
R2

Highest-Level Science
Indirect

Direct

Total

.071***
(.029) **
.320***
(.097) **
.070***
(.054) **
.011***
(.051) **
–.066***
(.159) **
.025***
(.056) **
.069***
(.018) **

.008***
(.016) **
.307***
(.047) **
–.169***
(.031) **
–.016***
(.032) **
–.082***
(.086) **
–.011***
(.027) **
.165***
(.011) **

.079***
(.029) **
.627***
(.104) **
–.099***
(.052) **
–.005***
(.051) **
–.148***
(.119) **
.013***
(.061) **
.234***
(.017) **

.104***
(.017) **
–.025***
(.016) **

.043***
(.007) **
.001***
(.005) **

.148***
(.015) **
–.024***
(.017) **

.214***
(.028) **
.072***
(.017) **
.099***
(.018) **

.114***
(.020) **
.029***
(.007) **
.050***
(.007) **

.329***
(.019) **
.101***
(.017) **
.149***
(.018) **

–.140***
(.030) **
.102***
(.026) **
.141***
(.043) **
.022***
(.027) **

.003***
(.004) **
–.006***
(.004) **
–.002***
(.005) **
.006***
(.004) **

–.137***
(.031) **
.096***
(.026) **
.139***
(.044) **
.029***
(.028) **

.137***
(.028) **
.253***

––

––

Note. All variables standardized except for gender and race/ethnicity. Dashes indicate the effects
were not modeled. SRMR = .030. *p < .05, **p < .01, ***p < .001.
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Predictive effects of gender estimated a small gender difference in highest-level science
course in favor of females (β = .071, p = .014) when accounting for race/ethnicity, SES,
educational experiences, math attitudes, and 11th-grade math achievement. Given that 1 standard
deviation amounted to about 1.5 course-levels (out of 6), the gender difference amounted to far
less than 1 course level. Predictive effects of race/ethnicity estimated by the model indicated
that, compared to White students, Asian students tended to take higher-level science courses by
the end of high school (β = .320, p = .001). This effect was more notable translating to a
tendency for Asian students to end high school with one-half a course-level more science than
White students. In terms of SES, the model estimated that higher SES predicted higher-level
science courses completed by the end of high school (β = .069, p < .001).
Higher parent expectations (β = .104, p < .001), math achievement (β = .214, p < .001 for
9th grade and β = .137, p < .001 for 11th), science teacher support (β = .072, p < .001), and
STEM extracurricular participation (β = .099, p < .001) predicted a higher-level science course
completed by the end of high school. The sizes of these effects were small translating into onethird of a course level increase for every standard deviation increase in 9th-grade math
achievement and less than one-quarter of a course level increase for 1 standard deviation increase
in the other predictors.
As in the math model, three of the four attitudes had significant effects on highest-level
course completed. Math identity and math interest were positive predictors (β = .102, p < .001
and β = .141, p = .001, respectively). Math self-efficacy was a negative predictor (β = –.104, p <
.001), indicating that students with lower science self-efficacy tended to take higher-level science
courses. With an observational study, a just as valid interpretation is that students who took
higher than average level science coursework tended to have lower than average science self-
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efficacy; this is reflected on further in the next chapter. Also, it is noted that these effects were
small after accounting for the other variables in the model, amounting to a fraction of a course
level for differences of 1 standard deviation in the attitude.
In terms of indirect effects, the combination of socialization, educational experiences,
science attitudes and 11th-grade math achievement mediated the relationship between
race/ethnicity and highest-level science course, fully for Black students and partially for Asian
students (p < .001). This same combination partially mediated the relationship between SES and
highest-level science course (p < .001). The relationships between parent expectations, 9th-grade
math achievement, science teacher support, and STEM extracurricular participation and highestlevel science course were partially mediated by the combination of science attitudes and 11thgrade math achievement (p < .001). Eleventh-grade math achievement did not significantly
mediate any of the relationships between the science attitudes and highest-level science course.
Paths to STEM major choice. The next set of effects in the science model involves
paths from the personal background, socialization, educational experiences, science attitudes,
11th-grade mathematics achievement, and the highest-level science course variables to the
STEM major choice variable. The standardized direct, indirect, and total effects for this part of
the path model are presented in Table 23. The indirect effects are through science attitudes, 11thgrade math achievement, and highest-level science course. The probit regression of direct effects
explained 33.7 percent of the variance in students’ highest-level science course taken by the end
of high school.
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Table 23
Standardized Effects and Standard Errors for Paths to STEM Major Choice
Predictor/Covariate
Personal Background
Female
Asian
Black
Hispanic/Latinx
Native Amer/Pac Islander
Two or More Races
SES
Socialization
Parent Expectations
Parent Science Self-Efficacy
Educational Experiences
Math Achievement 9
Science Teacher Support
STEM Extracurriculars
Science Attitudes
Self-Efficacy
Identity
Interest
Utility
STEM Outcomes
Math Achievement 11
Highest-Level Science
Pseudo R2

Direct [Prob Diff]

STEM Major Choice
Indirect

Total

–.575***[–.163]
(.052) ***[.064]
.140***[–.107]
(.103) ***[.064]
–.044***[–.107]
(.096) ***[.064]
.043***[–.107]
(.072) ***[.064]
.244***[–.107]
(.229) ***[.064]
.011***[–.107]
(.076) ***[.064]
–.017***[–.107]
(.028) ***[.064]

–.021***
(.021) **
.314***
(.049) **
–.136***
(.036) **
–.034***
(.034) **
–.062***
(.095) **
–.005***
(.035) **
.182***
(.014) **

–.596***
(.050) **
.454***
(.101) **
–.180***
(.091) **
.009***
(.069) **
.183***
(.257) **
.006***
(.080) **
.165***
(.024) **

.072***[.025]–
(.032) ***[.064]
.024***[–.107]
(.028) ***[.064]

.081***
(.012) **
.006***
(.010) **

.154***
(.028) **
.031***
(.027) **

.114***[.041]–
(.039) ***[.064]
–.001***[–.107]
(.030) ***[.064]
.042***[.027]–
(.025) ***[.064]

.200***
(.033) **
.071***
(.013) **
.115***
(.014) **

.314***
(.023) **
.070***
(.030) **
.157***
(.021) **

–.094***[–.107]
(.059) ***[.064]
.257***[.094]–
(.036) ***[.064]
.068***[–.107]
(.070) ***[.064]
.085***[–.107]
(.044) ***[.064]

–.008***
(.008) **
.001***
(.007) **
.010***
(.009) **
.010***
(.006) **

–.102***
(.058) **
.258***
(.036) **
.078***
(.070) **
.095***
(.045) **

.172***[.062]–
(.043) ***[.064]
.091***[.032]–
(.023) ***[.064]
.337***[–.163]

.012***
(.004) **
–

.184***
(.044) **
–

Note. Numbers in brackets are probability differences for the probit regression. Dashes indicate
the effects were not modeled. SRMR = .030. *p < .05, **p < .01, ***p < .001.
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Table 23 also contains probability differences for the significant (p < .05) effects in the
probit regression on STEM. For the continuous variables, these represented the probability of
choosing STEM with a 1 standard deviation increase in the predictor variable with gender at
male, race/ethnicity at White, and all other variables at the mean. For gender, this represented the
difference in probability of aa typical (White with mean levels on all continuous variables)
female choosing STEM compared to a typical male.
After accounting for socialization, educational experiences, science attitudes, 11th-grade
math achievement, and highest-level science course, the science model also estimated that the
only personal background characteristic significantly predictive of STEM major choice was
gender (β = –.575, p < .001). Probit probabilities estimated that an average female’s likelihood of
choosing STEM was 16.3 percentage points less than that of an average male.
The science model predicted that students with higher parent expectations (β = .072, p =
.025), higher math achievement (β = .114, p = .003 for 9th grade and β = .172, p < .001 for 11th),
a higher sense of science identity (β = .257, p < .001), and higher levels of science coursework (β
= .091, p < .001) were more likely to have chosen a major in a STEM field. Having parent
expectations above the mean for an otherwise average student was associated with a 2.5
percentage-point higher probability of choosing STEM. Having a sense of science identity 1
standard deviation above the mean for an otherwise average student was associated with a 9.4
percentage-point higher probability of choosing STEM. Having completed as the highest-level
course a math course 1 standard deviation above the mean level (unstandardized this translates to
an AP/IB course) for an otherwise average student was associated with a 3.2 percentage-point
higher probability of choosing STEM. These effects are substantial considering the percentage of
students who chose STEM in the sample was 21.2 percent. Unlike the math model, the science
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model did not estimate STEM extracurricular participation to have a significant effect on STEM
major choice. The effect was lessened after accounting for science attitudes and science
coursework.
In terms of indirect effects, the combination of socialization, educational experiences,
science attitudes, 11th-grade mathematics achievement, and highest-level science course fully
mediated the relationship between race/ethnicity and STEM major choice for Asian students and
Black students (p < .001). This combination also fully mediated the relationship between SES
and STEM major choice (p < .001). The relationships between parent expectations, and 9thgrade mathematics achievement and STEM major choice were partially mediated by the
combination of science attitudes, 11th-grade mathematics achievement, and highest-level science
course (p < .001). The relationships between science teacher support and STEM extracurricular
participation and STEM major choice were fully mediated by the combination of science
attitudes, 11th-grade math achievement, and highest-level science course (p < .001). Highestlevel science course mediated the relationship between 11th-grade math achievement and STEM
major choice (p = .006). Eleventh-grade math achievement and highest-level science did not
significantly mediate any of the relationships between the science attitudes and STEM major
choice.
Multigroup SEM Analysis
This section presents the results of the multigroup analyses which were performed to
examine if the significance of the paths in the science model differed by gender, race/ethnicity,
and SES. Three sets of multigroup analyses were performed one for each set of potential
moderators. Results of the factor analyses to test measurement invariance for each of the
multigroup models are presented first. Then, tables display the model effects that were found to
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be non-invariant across the groups within each set. For simplicity, only moderation of the
predictors (not the covariates, which were themselves moderators) are presented.
Measurement invariance. Measurement invariance testing began with the gender
multigroup model. The measurement model with non-invariant factors loadings had SRMR =
.033 and no large residual values. The measurement model with invariant factor loadings had
SRMR = .034 and no large residual values. With a change in SRMR of only .001, the model
specifying measurement invariance across the gender groups appeared to fit the data just as well
as the model specifying measurement non-invariance. Thus, measurement invariance was
assumed for the gender multigroup model and the multigroup analysis proceeded as planned.
Similarly, measurement invariance was tested with the race/ethnicity and the SES
multigroup models. For the race/ethnicity multigroup, change in fit specifying measurement noninvariance to specifying measurement invariance was negligible at .001 (SRMR = .034 to SRMR
= .035, respectively). For the SES multigroup, change in fit was also negligible with SRMR
values of .035 to .037 for the measurement non-invariant and the measurement invariant CFA
respectively. Therefore, measurement in variance was assumed in these cases as well and the
multigroup analyses proceeded as planned.
Moderation effects of gender. The gender-differentiated paths that were found in the
multigroup analysis of gender are presented in Table 24. Twelve effects were identified in total.
The full SEM model had excellent fit (SRMR = .033 and no large individual residual values).
Parent expectation was a positive predictor of science self-efficacy for males (p = .004) but was
not found to have a significant effect on science self-efficacy for females (p = .059). Higher
parent science-self-efficacy predicted higher science interest for females only (p = .010 for
females, p = .462 for males) and surprisingly, predicted lower-level science coursework for
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males (p = .012 for males, p = .995 for females). Greater feeling of support from science teachers
was related to higher mathematics achievement in 11th grade for males (p < .001) but this
relationship was not significant for females (p = .059).
Table 24
Gender-Differentiated Paths
Effect
Parent Expectations
On Science Self-Efficacy
On STEM Major Choice
Parent Science Self-Efficacy
On Science Interest
On Highest-Level Science
Math Achievement 9
On STEM Major Choice
STEM Extracurriculars
ON STEM Major Choice
Science Teacher Support
On Math Achievement 11
Science Self-Efficacy
On Highest-Level Science
Science Interest
On Highest-level Science
Science Utility
Math Achievement 11
On STEM Major Choice
Highest Level Science
On STEM Major Choice

Gender Group
Male

Female

.095***
(.033) **
.063***
(.046) **

.045***
(.024) **
.100***
(.048) **

.021***
(.029) **
–.055***
(.022) **

.078***
(.030) **
.000***
(.028) **

.154***
(.067) **

.097***
(.053) **

.073***
(.036) **

.007***
(.039) **

.158***
(.030) **

.046***
(.024) **

–.157***
(.039) **

–.111***
(.058) **

.175***
(.054) **

.105***
(.074) **

.028***
(.041) **
.058***
(.057) **

.054***
(.027) **
.141***
(.064) **

.039***
(.036) **

.129***
(.031) **

Note. All variables standardized except STEM major choice. SRMR = .033.
*p < .05, **p < .01, ***p < .001.
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Similar to the math model, there were gender-differentiated effects when it came to the
relationships between attitudes and STEM outcomes. Science self-efficacy and science interest
were significant predictors of highest-level science course for males (p < .001, p = .001,
respectively), but the corresponding effects were not significant for females (p = .054, p = .158,
respectively). Science utility was a positive predictor of 11th-grade math-achievement and
STEM major choice for females (p = .046, p = .028, respectively), but not for males (p = .496, p
= .311, respectively). As in the single-group model, the relationship between science selfefficacy and highest-level science was actually negative (β = –.157, p < .001 for males).
Parent expectations, science utility, and highest-level science were unique predictors of
STEM major choice for females (p = .038, p = .028, p < .001 respectively for females; p = .167,
p = .311, p = .286 for males), while 9th-grade math achievement and STEM extracurricular
participation were unique to males (p = .021, p = .043, respectively for males; p = .068, p = .851,
respectively for females). In the end, 11th-grade mathematics achievement and science identity
were the only significant predictors of STEM major choice not moderated by gender.
Moderation effects of race/ethnicity. The next multigroup model examined differences
across the Asian or White students and underrepresented minority (URM) students. Results of
the race/ethnicity-differentiated paths that were found in the analysis are presented in Table 25.
Fifteen effects were identified in total. The full SEM model had excellent fit (SRMR = .037 and
no large individual residual values).
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Table 25
Race/Ethnicity-Differentiated Paths
Effect
Parent Expectations
On Science Self-Efficacy
On Science Identity
Parent Science Self-Efficacy
On Science Identity
On Science Interest
On Math Achievement 11
Math Achievement 9
On Science Self-Efficacy
On STEM Major Choice
Science Teacher Support
On Highest-Level Science
STEM Extracurriculars
On Math Achievement 11
On STEM Major Choice
Science Self-Efficacy
On STEM Major Choice
Science Identity
Math Achievement 11
On Highest-Level Science
Science Utility
On STEM Major Choice
Math Achievement 11
On Highest-Level Science

Race/Ethnicity Group
White or Asian

URM

.085***
(.018) **
.134***
(.018) **

.055***
(.037) **
.073***
(.041) **

.053***
(.019) **
.066***
(.024) **
–.038***
(.019) **

.011***
(.050) **
.035***
(.043) **
–.048***
(.040) **

.171***
(.021) **
.133***
(.048) **

.081***
(.042) **
.108***
(.073) **

.077***
(.018) **

.073***
(.040) **

.231***
(.025) **
.078***
(.035) **

.063***
(.040) **
.017***
(.042) **

–.088***
(.043) **

–.081***
(.136) **

–.065***
(.025) **
.137***
(.028) **

–.017***
(.045) **
.015***
(.060) **

.093***
(.039) **

.075***
(.094) **

.051***
(.036) **

.212***
(.052) **

Note. All variables standardized except STEM major choice. SRMR = .037.
*p < .05, **p < .01, ***p < .001.
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Except for 11th-grade mathematics achievement on highest-level science course, all
differences were as in the math model: paths that were found to be significant in the Asian or
White group but not found to be significant in the URM group. On science self-efficacy these
effects included parent expectations (p < .001 for White or Asian, p = .134 for URM) and 9thgrade math achievement (p < .001 for White or Asian, p = .053 for URM). Also among these
effects were parent expectations on science utility (p < .001 for White or Asian, p = .167 for
URM), as well as parent science self-efficacy on science identity (p = .006 for White or Asian, p
= .372 for URM) and science interest (p = .007 for White or Asian, p = .410 for URM). On 11thgrade math achievement, these included parent science self-efficacy (which was a negative
predictor p = .047 for White or Asian, p = .225 for URM), STEM extracurriculars (p < .001 for
White or Asian, p = .111 for URM), and science identity (which was also negative predictor p =
.009 for White or Asian, p = .700 for URM). On highest level science course, these included
science teacher support (p < .001 for White or Asian, p = .067 for URM) and science identity (p
< .001 for White or Asian, p = .808 for URM). On STEM major choice, these included 9th-grade
mathematics achievement (p = .005 for White or Asian, p = .138 for URM), number of STEM
extracurriculars (p = .025 for White or Asian, p = .425 for URM), science self-efficacy (p = .043
for White or Asian, p = .553 for URM), and science utility (p = .016 for White or Asian, p = .425
for URM).
It is important to note that the standard errors were all larger in the URM group, meaning
that the analysis was less sensitive at detecting effects in the URM group compared to the Asian
or White group. This could explain some of the small differences seen in the table and the
existence of moderation should be taken with caution. In the end, there were still many paths that
were not moderated by race/ethnicity. All the paths from the educational experiences remained
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significant positive predictors of the science attitudes for both groups. Ninth-grade math
achievement and science teacher support remained significant positive predictors of 11th-grade
math achievement. Ninth-grade math achievement, STEM extracurricular participation, and
science interest remained positive predictors of higher-level math coursework, while science
self-efficacy remained significant and negative. Lastly, science identity, 11th-grade math
achievement, and higher-level science coursework remained significant positive predictors of
STEM major choice for both groups.
Moderation effects of SES. The final multigroup analysis examined differences across
the low, middle, and high socioeconomic groups. Results of the SES-differentiated paths that
were found in the analysis are presented in Table 26. Seventeen effects were identified in total.
The full SEM model had excellent fit (SRMR = .036 and no large individual residual values).
The most obvious pattern in the SES-differentiated effects was that the effects were most
often significant in the high group and least often in the low group. Of the seventeen effects
above, only two were found significant in the low SES group, while all but two were found to be
significant with the high SES group. Parent science self-efficacy was a significant predictor of all
four of the science attitudes for the high SES group (p < .001, p < .001, p = .002, p < .001 for
self-efficacy, identity, interest and utility respectively), while the medium SES group had none
significant (p = .564, p = .118, p = .139, p = .283 for self-efficacy, identity, interest and utility
respectively), and one was found for the low group: parent science self-efficacy on student
science self-efficacy (p = .020, p = .795, p = .850, p = .182 for self-efficacy, identity, interest and
utility respectively).
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Table 26
SES-Differentiated Paths
Effect
Parent Expectations
On STEM Major Choice
Parent Science Self-Efficacy
On Science Self-Efficacy
On Science Identity
On Science Interest
On Science Utility
Math Achievement 9
On Science Interest
On STEM Major Choice
Science Teacher Support
On Highest-Level Science
STEM Extracurriculars
On Math Achievement 11
On Highest-Level Science
Science Self-Efficacy
On Highest-Level Science
Science Identity
On Math Achievement 11
On Highest-Level Science
Science Interest
On Highest-Level Science
Science Utility
On STEM Major Choice
Math Achievement 11
On STEM Major Choice
Highest-Level Science
On STEM Major Choice

SES Group
Medium

Low

High

.080***
(.058) **

.095***
(.046) **

.029***
(.045) **

.095***
(.041) **
.014***
(.055) **
.009***
(.048) **
.060***
(.045) **

.017***
(.030) **
.043***
(.027) **
.045***
(.031) **
.030***
(.028) **

.094***
(.023) **
.106***
(.023) **
.087***
(.028) **
.132***
(.032) **

.067***
(.049) **
.040***
(.078) **

.203***
(.032) **
.163***
(.055) **

.089***
(.030) **
.078***
(.068) **

.069***
(.044) **

.094***
(.024) **

.053***
(.029) **

.057***
(.048) **
.054***
(.031) **

.174***
(.030) **
.088***
(.038) **

.241***
(.044) **
.173***
(.032) **

–.147***
(.097) **

–.167***
(.051) **

–.127***
(.039) **

.002***
(.051) **
.046***
(.059) **

–.054***
(.035) **
.148***
(.040) **

–.094***
(.035) **
.127***
(.039) **

.158***
(.123) **

.152***
(.074) **

.133***
(.056) **

.066***
(.104) **

.061***
(.056) **

.162***
(.067) **

.210***
(.040) **

.072***
(.055) **

.238***
(.077) **

.069***
(.052) **

.104***
(.033) **

.083***
(.035) **

Note. All variables standardized except STEM major choice. SRMR = .036.
*p < .05, **p < .01, ***p < .001.

118

There were several cases where effects were found to be significant in both the medium
and high group but not the low group. These included 9th-grade math achievement on science
interest (p = .168, p < .001, p = .003, for low, medium, and high, respectively), STEM
extracurricular participation on 11th-grade math achievement (p = .238, p < .001, p < .001, for
low, medium, and high, respectively) and on highest-level science (p = .082, p = .019, p < .001,
for low, medium, and high, respectively), science self-efficacy, identity, and interest on highestlevel science (self-efficacy: p = .130, p = .001, p = .001; identity: p = .442, p < .001, p = .008;
interest: p = .200, p = .039, p = .017; for low, medium, and high SES, respectively), and highestlevel science on STEM major choice (p = .190, p = .002, p = .019 for low, medium, and high,
respectively).
The effects of parent expectations and ninth-grade mathematics achievement on STEM
major choice were found significant with the medium SES group only (parent expectations: p =
.166, p = .038, p = .523; math achievement: p = .613, p = .003, p = .253; for low, medium, and
high SES, respectively). Also unique to the medium SES group was the effect of science teacher
support on highest-level science (p = .117, p < .001, p = .066, for low, medium, and high SES,
respectively).
Science identity was found to be a negative predictor of 11th-grade math achievement for
the high SES group only (p = .976, p < .125, p = .007, for low, medium, and high, respectively).
Also unique to the high SES group was the significance of science utility on STEM major choice
(p = .521, p = .275, p = .016, for low, medium, and high, respectively). The last pattern involved
the significance found in the low and high group but not the medium SES group for the effect of
11th-grade math achievement in STEM major choice (p = .012, p = .195, p = .002, for low,
medium, and high, respectively).
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Unlike the math model, the standard errors were not always smallest in the high medium
group. However, the standard errors tended to be largest in the low SES group which could
explain why significance was concluded less often for this group. Like the math model, there
were still many paths that were not moderated by SES. This included all paths from parent
expectations and educational experiences to science attitudes; parent expectations, 9th-grade
math achievement, and teacher support to 11th-grade math achievement; parent expectations,
9th-grade math achievement, teacher support, and 11th-grade math achievement on highest-level
science, as well as science identity on STEM major choice.
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CHAPTER 5
DISCUSSION
This chapter summarizes the results of the study and discusses implications and
limitations of the research. The summary begins by reviewing the purpose of the study along
with the research questions. Then the results are synthesized as they related to the research
questions and expectancy-value model. How the results relate to previous findings and advance
the purpose of the study is then discussed. Lastly, limitations of the study and directions for
future work are outlined.
Summary
The purpose of this research project was to better understand the relationships between
U.S. high school students’ socialization, educational experiences, attitudes, achievement, coursetaking, and college major choices in STEM and how these relationships differ across wellrepresented and underrepresented groups. The variables and relationships between them were
conceptualized under an expectancy-value framework (Eccles, 2009; Eccles et al. 1983) and
were tested with structural equation modeling and longitudinal data that followed students
through 9th grade, 11th grade, and college entrance (Ingles et al., 2015). The analytic sample was
representative of U.S. students who were ninth graders in the fall of 2009 and who went on to
take postsecondary classes in the fall of 2013 (traditional college entrance schedule). Students’
STEM-related expectancy attitudes were represented by their mathematics and science selfefficacy (confidence in their ability to do well in math/science class) while their STEM-related
value attitudes were represented by their mathematics and science identity (seeing themselves as
a math/science person), interest (enjoying math/science class), and utility (seeing math/science as
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useful). Socialization variables included parents’ educational attainment expectations for their
student and parents’ mathematics and science self-efficacy (confidence in helping with
math/science homework). Educational experiences encompassed students’ prior mathematics
achievement, perceived mathematics and science teacher support, and participation in STEMrelated extracurricular activities. The following questions were investigated:
1. To what extent does an expectancy-value model explain patterns in U.S. high school
students’ STEM outcomes, namely mathematics achievement, mathematics and science
course-taking, and STEM major choice?
a. Do students’ prior socialization and educational experiences predict their
mathematics and science expectancy-value attitudes? If so, in what way(s)?
b. Do students’ mathematics and science expectancy-value attitudes predict their
STEM outcomes? If so, in what way(s)? Are mathematics or science value
attitudes more predictive of certain STEM outcomes than mathematics or science
expectancy attitudes? Are certain mathematics or science value attitudes more
predictive of certain STEM outcomes than others?
c. Are students’ socialization and educational experiences related to their STEM
outcomes? If so, to what extent do students’ mathematics and science expectancyvalue attitudes explain (mediate) this relationship?
2. Are there differences across well-represented and underrepresented groups in the
variables and relationships above that help to explain underrepresentation in STEM?
a. Do student’s personal background characteristics predict differences in their
socialization, educational experiences and expectancy-value attitudes? If so, in
what way(s)?
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b. Are students’ personal background characteristics related to their STEM
outcomes? If so, to what extent do students’ mathematics and science expectancyvalue attitudes explain (mediate) this relationship?
c. Do the relationships between students’ socialization, educational experiences,
expectancy-value attitudes, and STEM outcomes differ (are they moderated) by
gender, race/ethnicity, and SES? If so, in what way(s)?
Socialization and Attitudes
As expected, the study found that higher parent expectations and confidence in helping
with mathematics and science homework were associated with more positive student attitudes
towards mathematics and science. Students whose parents expected them to complete high
school and go further into college or graduate school tended to be more confident in their
mathematics and science abilities, view themselves as math or science people, enjoy
mathematics and science class, and find mathematics and science more useful. Likewise,
students whose parents were more confident in helping with mathematics homework tended to
be more confident in their own mathematics abilities, view themselves as math people, enjoy
mathematics class, and find mathematics more useful. Students whose parents were more
confident in helping with science homework tended to view themselves as science people, enjoy
science class, and find science more useful, but there appeared to be no relationship between
parents’ confidence in science and students’ confidence in science.
Across the mathematics attitudes, parent expectations were most predictive of identity
and interest, suggesting that expectations from parents tended to have stronger influences on
students’ sense of identity as a math person and students’ sense of enjoyment in math class.
Parent mathematics self-efficacy was most predictive of interest, suggesting that parent
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confidence in mathematics was more influential on students’ sense of enjoyment in math class
than it was on students’ other science attitudes. Across the science attitudes, parent expectations
and parent science self-efficacy were most predictive of utility, suggesting that parents had more
of an influence on students’ sense of the usefulness of science than they did on other science
attitudes.
Educational Experiences and Attitudes
In line with the expectancy-value model, the study found that students with higher
mathematics achievement, greater perceived teacher support, and greater participation in STEM
extracurricular activities early in high school tended to report greater confidence in mathematics
and science class, a greater sense of identity as a math or science person, more enjoyment in
mathematics and science class, and more positive perceptions of the usefulness of mathematics
and science later in high school.
In terms of mathematics attitudes, ninth-grade mathematics achievement was highly
predictive of identity, while teacher support was most predictive of interest, and STEM
extracurriculars participation was most predictive of identity. Therefore, the results suggest that
students’ performance in mathematics and experiences in STEM-related extracurricular activities
were more influential on students’ sense of identity as a math person than they were on students’
other mathematics attitudes. Moreover, and not surprisingly, the results also suggest that
students’ perceptions of their mathematics teacher as supportive of their learning was most
influential on their sense of enjoyment in mathematics class.
Across the science attitudes, 9th-grade mathematics achievement was most predictive of
science utility, teacher support was most predictive of science self-efficacy, and STEM
extracurricular participation was most predictive of identity and interest. These results suggest
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that students’ performance in mathematics was more influential on their sense of the usefulness
of science than it was on their other mathematics attitudes, while their perception of their science
teacher as supportive of their learning was more influential on their sense of confidence in
science class, and students’ experiences in STEM-related extracurricular activities were more
influential on their sense of identity as a science person as well as their sense of enjoyment in
science class.
Attitudes and STEM Outcomes
The key part of the expectancy-value model suggests that motivational attitudes directly
impact students’ STEM outcomes. Generally, the study found that students’ mathematics and
science attitudes were related to their STEM outcomes in some way, but the relative strengths of
the relationships varied across the attitudes and tended to be weaker for underrepresented groups.
Identity was the expectancy-value attitude most consistently associated with positive
STEM outcomes. In terms of mathematics identity, students who reported a greater sense of
identity as a math person showed higher achievement on the 11th-grade mathematics assessment,
went on to complete more advanced mathematics coursework, and were more likely to choose a
major in STEM. In fact, students with a strong sense of identity with mathematics (1 standard
deviation above average) were estimated to be 4 percentage-points more likely to major in
STEM, which is significant considering only 21 percent of students chose STEM. In terms of
science identity, students who reported a greater sense of identity as a science person went on to
complete higher-level science coursework and were more likely to choose a STEM major in
college. In fact, students with a strong sense of identity with science (1 standard deviation above
average) were estimated to be 9 percentage-points more likely major in STEM, almost doubling
their chances. Viewing oneself as a science person did not appear to be related to 11th-grade
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mathematics achievement. Students who reported a greater sense of enjoyment and interest in
mathematics and science class tended to take more advanced coursework in both mathematics
and science. Self-efficacy was, unexpectedly, a negative predictor of higher-level coursework in
mathematics as well as in science, suggesting that students who were more confident in their
mathematics and science abilities tended to take less advanced coursework, or on the other hand,
students who were less confident tended to take more. Relative to other attitudes, perceptions
regarding the usefulness of mathematics and science tended to have the weakest relationships
with students’ STEM outcomes.
In terms of how the socialization variables were related to attitudes and STEM outcomes,
the study found that parents’ expectations had more of a direct effect on students’ achievement,
course taking, and major choices in STEM, while parents’ confidence in helping with
mathematics homework had more of an indirect effect. This second finding suggests that the
relationship between parents’ confidence in mathematics and students’ STEM outcomes was best
explained by the way that parents’ confidence in mathematics influenced their students’ attitudes
towards mathematics. On the other hand, parents’ confidence in helping with their child’s
science homework neither appeared to have an effect on students’ STEM outcomes directly nor
indirectly.
In terms of educational experience and STEM outcomes, the study found that students’
9th-grade mathematics achievement and participation in STEM-related extracurricular activities
had both direct and indirect effects on students’ achievement, course taking, and major choices in
STEM. Therefore at least some of the effect that educational experiences had on students’ STEM
outcomes could be explained by the influence that students’ prior educational experiences had on
their later attitudes towards mathematics and science. On the other hand, students’ perceived
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support from their mathematics and science teachers had more of an indirect effect on students’
mathematics and science course taking and STEM major choice, suggesting that the relationship
between support from teachers and students’ STEM outcomes was best explained by the way
that mathematics and science teachers influenced their students’ attitudes towards mathematics
and science.
Underrepresentation in STEM
Descriptive statistics revealed that females, non-Asian minorities (URMs), and low SES
students continue to be underrepresented in STEM majors. Within the sample, females chose
STEM majors at half the rate of males, URMs chose STEM at three-quarters the rate of Whites
and Asians, and low SES students chose STEM at three-quarters the rate of medium SES
students and half the rate of high SES students. The second main research question involved
identifying differences across these well-represented and underrepresented groups to offer
explanations for why certain groups are underrepresented in STEM.
For female students, the results suggested that underrepresentation was due to a tendency
to have significantly less positive attitudes towards mathematics and science. The biggest
disparities involved females’ confidence in their mathematics and science ability and their sense
of identity as a math person, which were all more than a quarter of a standard deviation lower on
average than males’. However, the subsequent analyses offered little explanation for why female
students’ attitudes towards mathematics tended to be lower than males’ attitudes. There were
only a few additional gender differences found. The first was that female students tended to have
higher parent expectations by an average of .20 standard deviations. The other suggested that
parent expectations were more influential on males’ attitudes, while parent confidence in helping
with mathematics and science homework was more influential on females’ attitudes. This last
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finding supports at least one explanation for why female students tended to have less positive
attitudes. While parent confidence in mathematics and science did not necessarily differ on
average for parents of male students compared to parents of female students, males could have
been more resilient to negative influences from parents in terms of low confidence in helping
with mathematics and science homework. These differences were small however at no more than
.10 standard deviations, so they may not be meaningful.
Overall, race/ethnicity differences and SES differences were similar and therefore offered
the same explanation: underrepresentation was due to achievement and coursework gaps in
mathematics and science. In fact, URM and lower SES students chose to major in STEM less
often than their White and Asian or higher SES counterparts despite tending to have equal or
even slightly higher parent expectations, parent confidence in helping with mathematics and
science homework, participation in STEM extracurriculars, and attitudes towards mathematics
and science. These positive attributes were offset by a tendency to perform significantly lower in
mathematics—especially later in high school—and by a tendency to complete less advanced
coursework in mathematics and science compared to their White and Asian or more affluent
peers. Descriptive statistics showed that college-bound Black, Hispanic/Latinx, and low SES
students were outperformed in mathematics by .57, .25, and .34 standard deviations below the
average in 11th-grade, respectively and completed high school between one and two course
levels behind Asian, White, and high SES students in mathematics and science. These
achievement and coursework gaps were all but mitigated after accounting for the parental,
educational, and attitudinal variables in the models except for the Black-White achievement gap
which was still as much as .25 standard deviations. Together, these results suggest that in STEM
major considerations, attitudes towards mathematics and science were less influential than
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mathematics achievement and mathematics and science coursework for URM and low SES
students.
Conclusions
This research represents a unique contribution to the literature on motivational pathways
to STEM by combining: (a) an expectancy-value framework to examine relationships between
students’ socialization, educational experiences, self-efficacy, identity, interest, utility,
achievement, course-taking, and major choices in STEM and (b) the HSLS:09 data to investigate
the expectancy-value model longitudinally and on a national scale thereby enabling differences
across gender, race/ethnicity, and SES groups. As expected, the research found that more
positive educational experiences early in high school predicted more positive attitudes towards
mathematics and science which in turn predicted higher mathematics achievement, higher-level
course-taking in mathematics and science, and a greater likelihood of choosing to major in
STEM. However, not all attitudes were related to STEM outcomes and the relationships tended
to be weaker for underrepresented racial/ethnic and low SES groups. These findings have
implications for the literature on expectancy-value theory and underrepresentation in STEM.
Expectancy-Value Theory
Studies employing expectancy-value models typically find that value attitudes are more
closely related with choice outcomes (e.g., coursework, college major), while expectancy
attitudes are most closely related to achievement outcomes (e.g., Beier et al., 2018; Flake,
Barron, Hulleman, McCoach, & Welsh, 2015; Greene, DeBacker, Ravindran, & Krows, 1999;
Meece, Wigfield, & Eccles, 1990; Simpkins, Davis-Kean, & Eccles, 2006; M.-T. Wang, 2012).
However, this study found that the value attitude identity, as measured by the HSLS:09 survey,
was most closely related to both outcome types. In fact, when it came to mathematics
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achievement and STEM major choice, identity was the only expectancy-value attitude found to
be significantly predictive of these outcomes in the single-group models. Moreover, science
identity, in particular, was the only attitude related to a STEM outcome (major choice) across
every group—males, females, Asians, Whites, URMs, low, medium, and high SES.
Why these finding are inconsistent with previous expectancy-value research could be due
to the way in which that attitudes were measured or because of the sample involved. While the
HSLS:09 dataset measured students’ self-efficacy and interest as they related to their current
mathematics and science courses, studies by Eccles and others (e.g., Greene et al., 1999; Meece
et al., 1990; Simpkins et al., 2006; M.-T. Wang, 2012; M.-T. Wang, Degol & Ye, 2015) tend to
measure these attitudes more broadly about mathematics and science in general. Students may
feel differently about school mathematics and science than they do about mathematics and
science in general. Additionally, value attitudes are sometimes combined into one scale and
contrasted against expectancy (e.g., M.-T. Wang, 2012; M.-T. Wang, Degol & Ye, 2015) instead
of treated separately as this study did. Identity itself has also differed, in previous literature it has
been measured more in terms of attainment value, personal importance of doing well in
mathematics or science (e.g. Beier et al., 2018; Greene et al., 1999; Meece et al., 1990; Simpkins
et al., 2006) as opposed to the more self-image related measurement in HSLS:09.
Furthermore, previous literature employing the expectancy-value model has tended to
involve largely White, middle-class participants from the greater Michigan area (see Appendix
A). The findings of this study are more consistent with Andersen and Ward (2014) and Gottlieb
(2018). While this is not surprising as they also used the HSLS:09 dataset, it is notable that they
only used data on the first wave (9th grade). Therefore, regardless of whether examining
students’ early career interests in 9th grade or their later major choices in 12th grade, a sense of
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identity as a math or science person appears to be the attitude with the strongest connection to
students’ STEM choices.
Another inconsistency regarded self-efficacy. Previous literature (e.g., Greene et al.,
1999; Kalaycioglu, 2015; M.-T. Wang, 2012) suggests that students’ confidence in their ability
in mathematics is highly predictive of their achievement in mathematics. So, the fact that this
study found mathematics identity to be more predictive of mathematics achievement is
noteworthy. Again, it is important to note how HSLS:09 has measured identity differently than
previous studies. Besides not being found significant on mathematics achievement, the effect of
self-efficacy on course-taking was found to be negative for both mathematics and science,
suggesting that students who reported being more confident in their abilities in mathematics and
science tended to take more courses. However the size of this effect was very small (less than
.10), and due to the observational nature of the study, it is also possible that students who
completed higher-level courses tended to have lower self-efficacy than the average student
because they had been on an advanced course track with above-average expectations. This
explanation is supported by the finding that the effect of self-efficacy was not significant after
accounting for students’ level of completed coursework.
Explaining Underrepresentation
The results of the study suggested that female underrepresentation in STEM majors was
due to a tendency to hold less positive attitudes towards mathematics and science compared to
males. On the other hand, students from URM or lower SES background tended to have equal or
even more positive attitudes towards mathematics and science compared to their White and
Asian or higher SES counterparts. Their underrepresentation was explained by a tendency to
demonstrate lower mathematics achievement and complete less advanced coursework in
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mathematics and science. Racial/ethnic and SES achievement and advanced coursework gaps are
interrelated and have been persistent issues in the United States stemming from structural
inequalities (Reardon, Kalogrides, & Shores, 2019).
The study largely left in question why female students tended to have less positive
attitudes towards mathematics and science. Literature suggests that negative stereotypes and
misconceptions about STEM professionals are responsible, including unattractive appearances
and socially awkward personalities, which are typically at odds with female gender identity and
cultural expectations (Eccles & Wang, 2016; Starr, 2018). Other factors include beliefs about the
nature of STEM work. For example, students who describe themselves as a “people person”—
one who is socially adept or desires to work with people—can find this identity incongruent with
STEM occupations which they perceive as non-collaborative, unfeeling, or “more concerned
with things than with people”. This belief can be particularly decisive for females who are more
likely than males to describe themselves in this way (Aschbacher, Li, & Roth, 2010; Walden &
Foor, 2008) or historically disadvantaged minorities concerned with affecting social change and
impacting communities in need (Eastman, Christman, Zion, & Yerrick; 2017; Garibay, 2015).
The present study did not include variables related to beliefs and misconceptions about STEM so
this explanation for why females had less positive attitudes towards mathematics and science
was not examined directly. However, the result that the largest differences in attitudes between
males and females were in mathematics and science identity, which relates to one’s self-image,
supports this conclusion indirectly.
In the end, this study suggests that the expectancy-value attitude most consistently related
to STEM outcomes is a sense of identity as a mathematics or science person. This finding may
be inconsistent with previous research due to the way it was measured, more in terms of self-
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image than in terms of personal importance. However, the present study suggests that this
conceptualization of identity is useful, as the attitude was responsible for the largest gender
differences and may be the most important attitude explaining female underrepresentation in
STEM.
Limitations
It is important to outline issues that threatened the validity of the research. Possible
threats to validity derive from the observational nature of the study (Schneider, Carnoy,
Kilpatrick, Schmidt, & Shavelson, 2007), the extent to which the theoretical constructs are linked
to the measured variables (construct validity; Cherryholmes, 1988), the presence of missing data
(Peugh & Enders, 2004), and limitations of the BRR weighting procedures.
Causal Inferences
While the researcher used controlling and temporal ordering to improve confidence that
the observed relationships were causally linked (Schneider et al., 2007), ultimately, the study
was observational and causal conclusions are not warranted. In terms of controlling, the
researcher made an effort to include all variables within the HSLS:09 public-use dataset known
to be related to STEM outcomes. However, due to limitation in available data, there were
variables not included in this study that could provide alternative explanations for the observed
relationships.
One notable control missed involves the issue of access. Records of whether students had
access to AP or IB courses was restricted in the public-use file (Ingles et al., 2015) so access to
higher-level coursework was not accounted for in this study. Access may offer an alternative
explanation for why students from URM and low SES backgrounds were found to complete less
advanced coursework in mathematics and science. Inequitable access to advance coursework
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opportunities is a well-documented issue (Patrick, Socol, & Morgan, 2020); so, the finding that
students from URM and low SES backgrounds completed less advanced coursework may have
been at least partially due to a lack of access to these courses and not solely due to lower
achievement.
In terms of temporal ordering, the researcher examined longitudinal relationships
between earlier educational experiences and later attitudes and outcomes. However, causal
conclusions about these relationships should still be cautioned. Longitudinal observational
studies still do not provide evidence that influencing a predictor will lead to the expected change
in the outcome (Schneider et al., 2007). For example, although it was found that mathematics
achievement in ninth grade predicted more positive attitudes towards mathematics and science in
11th grade, it remains unclear if improving mathematics achievement will necessarily improve
attitudes. Indeed, there have been expressed concerns that an overemphasis on test performance
can have the opposite effect, negatively impacting historically marginalized populations
especially (Dutro & Selland, 2012; Kearns, 2011; Lomax, 1995, President’s Council of Advisors
on Science and Technology [PCAST], 2012).
Construct Validity
One threat to the proposed research’s validity is that some of the expectancy-value scales
represent students’ attitudes towards their mathematics and science courses in 2011. These
measures may not reflect students’ attitudes towards STEM in other contexts or at other points in
time which may be more predictive of students’ STEM major plans. For example, self-efficacy
was measured as students’ confidence in their ability to do well in their mathematics or science
classes, but students may differently about whether they can be successful in a STEM major or
career. Likewise, interest was measured as students’ interest and enjoyment in their mathematics
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and science classes, but students may feel differently about whether they would enjoy being a
STEM major or STEM professional. This could explain why self-efficacy and interest were not
found to be significantly related to students’ decision to major in STEM.
Relying on attitudes measured at single point in time is also a limitation of this study.
Research suggests that students’ STEM-related beliefs and values can be highly volatile over
school years, with some students retaining enduring positive (or negative) attitudes and others
experiencing significant gains or losses (Howard, Scott, Romero, & Saddler, 2015; Mangu, Lee,
Middleton, & Nelson, 2015). The HSLS:09 dataset contained measures of students’ attitudes in
mathematics and science at two time points: 9th and 11th grade. The researcher opted for using
the 11th-grade measures as these were more closely timed with students’ college major
applications. Indeed, although not reported here, the researcher also examined the 9th-grade
attitudes and found these earlier attitudes to be less closely related to students’ STEM major
choice as the 11th-grade attitudes. In the end, however, there remains the possibility that
attitudes measured at other time points, or perhaps and averaging of attitudes over time, would
be more predictive of students’ STEM major choice.
Another possible limitation related to the mathematics and science expectancy-value
constructs, concerns the fact that mathematics and science constructs were analyzed in separate
models. Consequently, possible interactions between mathematics and science constructs and
their relationship with STEM outcomes were not examined. Andersen and Ward (2014) and
Gottlieb (2018) did include all eight mathematics and science attitudes together in the same
models and found similar results, in the sense that mathematics and science identity tended to
have the strongest relationships with STEM major or career pursuits and that the attitudes in
general had weaker associations for URMs.
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Analytic Sample
Since not all high school students end up going to college and make a choice about a
major of study, the researcher ultimately decided to restrict the HSLS:09 sample. An issue with
this choice is that it disproportionately excluded students from URM and lower SES
backgrounds. Whether this was the best decision is unclear, however the researcher did repeat
the analysis with the full sample where the 20 percent of students with no major choice data were
statistically imputed. The results were similar, and the main results concerning which attitudes
were most closely related to students’ STEM outcomes and the explanations for why female,
URM, and low SES students were underrepresented remained the same.
Group Definitions
Another concern regards the way in which individual students were grouped. Gender was
recorded as either male or female and students could only choose between these two categories
or skip the question. If skipped, students were assigned a gender based on their parent or school
data or lastly their name and therefore the gender record may not have reflected their true gender
identity. Moreover, this research could not investigate the representation of students with nonbinary gender identities, for which little is known but is a growing concern (Gibney, 2019).
Future data collection may want to consider addressing this limitation.
The way in which racial/ethnic and SES groups were formed may also have been
problematic. The decisions were made to facilitate analyses that compared groups who have
historically been underrepresented in STEM with those who have been well-represented. Such a
grouping however may have hidden important details present in smaller subpopulations.
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Missing Data
Although the rate of missing data was low (see Table 28, Appendix C), and multiple
imputation is among the most trusted methods for handling missing data (Peugh & Enders,
2004), there is still the possibility that the analysis produced biased estimates (i.e., estimates that
do not reflect the characteristics of the true population and that would be different had all
students and parents fully responded to every questionnaire item and assessment). To produce
unbiased estimates, multiple imputation requires that the data are missing at random (MAR), that
missingness on a variable is not related to the variable itself (Rubin, 1976). In general, there is no
way to test if the MAR assumption is met without knowledge of the missing data (Little, 1988)
and is therefore a limitation of the study.
BRR Weighting
While BRR weighting helped to adjust the standard errors estimates for the complex
sample without requiring access to the restricted use dataset, it limited the rigor of a proper
multigroup SEM analysis. Only differences in the statistical significance of corresponding effects
could be compared across the groups but not differences in magnitude. This made it difficult to
determine whether the differences were meaningful.
Recommendations
The results and broader implications of this research lead to several important
recommendations to advance the research base in STEM education and to inform educational
policy and practice.
For this Project
Future work related to this research project includes accessing the restricted-use dataset,
examining change in attitudes, and utilizing upcoming waves of HSLS:09 data. Accessing the
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restricted-use dataset is planned to improve the analyses. First, in order to account for access to
higher-level coursework which may better explain the observed differences in highest level
mathematics and science coursework. Secondly, the restricted-use dataset will grant the
researcher access to the school identifier variable to allow for more proper multigroup analyses.
Lastly, increasing STEM major enrollments is just one aspect towards the goal of broadening
participation in STEM. Utilizing future waves of data from HSLS:09 can help examine
persistence in STEM, an important part of the larger goal as students from URM or low SES
backgrounds are less likely to persist in STEM degree attainment and employment (Chen, 2013;
Maltese & Tai, 2011).
For Future Research
Research with the HSLS:09 dataset, including this study, Gottlieb (2018), and Andersen
and Ward (2014), has exposed some limitations with either expectancy-value theory, the way in
which the HSLS:09 dataset measured expectancy-value constructs, or a combination of both. The
theory holds that motivational factors are most directly related to students’ decision to major in
STEM. However, our analysis of the HSLS:09 data has not found this to be true for URMs or to
explain their underrepresentation. This study concluded that it was STEM achievement and
coursework gaps that best explained the underrepresentation of non-Asian minorities in STEM.
If the decision to major in STEM is ultimately up to the student, then could URMs not choose to
major in STEM despite having lower achievement or finishing less courses? As mentioned
previously, this could be due to students seeing high school mathematics and science different
from mathematics and science involved in a STEM major or career. Future research should
explore this possibility. It is also possible that modifications need to be made to the theory. As
previously mentioned, the theory was developed and tested with a more White and affluent
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population that is less representative of the U.S. population as a whole. Future research should
explore if and how the theory can be refined to more accurately reflect the broader U.S.
population.
Future researchers should also utilize nationally representative data to examine changes
in attitudes over time. This study left open the question of whether attitudinal changes (such as
positive growth or negative growth) are more predictive of students’ STEM outcomes than
attitudinal levels at one point in time. A limitation of the HSLS:09 dataset is that it only includes
measures at two time points which is not ideal for statistical analyses and future data collection
should consider measuring students’ attitudes at least three points in time (Singer & Willett,
2003). The Longitudinal Study of American Youth (LSAY) is one such study that began in 1987.
Data on a new cohort of seventh graders began in 2015 and should provide useful insights on a
more recent sample of high schoolers (Miller, 1987-1988; 2015-2016).
For Future Data Collection
In additional to alternative measures for expectancy-value constructs and attitudes
measured at more points in time, it is recommended that future surveys include more measures
related to beliefs, misconceptions, or stereotypes about STEM. This study along with others
agree that attitudes towards mathematics and science are among the most important factors
associated with students’ STEM career pursuits and that explain group differences in STEM
pathways (Lent et al., 2018; M.-T. Wang & Degol, 2013). The study suggests that it is a sense of
identity that is most closely related to this decision. Quantitative studies should focus attention
on examining predictors of these attitudes, especially mathematics and science identity, to
support qualitative findings and advance the knowledge base in STEM motivation.
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For Educational Policy and Practice
Along these lines, pedagogical approaches that support more positive attitudes towards
mathematics and science should be studied and implemented with support through educational
policy. This study provides the targeted recommendation to focus efforts on encouraging
students that they can be math and science people. Improvement efforts need not be isolated to
formal educational settings alone. Not only were factors like achievement and teacher support
found to be linked to positive student attitudes, but participation in STEM-related afterschool and
summer enrichment activities were as well. Therefore, it is recommended that informal learning
opportunities in STEM are supported alongside in-school instruction.
Promoting more positive attitudes towards mathematics and science should not be
thought of as for the purpose of increasing STEM major enrollment alone. It is widely agreed
that STEM knowledge and skills are increasingly more relevant to all types of professions,
informed citizenship, and to day-to-day life (e.g., U.S. Department of Education, Office of
Innovation and Improvement, 2016). This research suggests that improving students’ attitudes in
mathematics and science could motivate student achievement in mathematics and further
mathematics and science course-taking. While the recommendations so far have focused on
attitudes, the importance of tackling achievement gaps should not be understated; but,
educational policy and practice should be mindful that an overemphasis on standardized testing
may leave students disillusioned with the subject matter (Kearns, 2011). It is thus imperative that
educational research works to find ways to promote STEM ability and positive attitudes in
tandem.
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For Society at Large
This study suggests that young people’s attitudes about STEM are influenced by many
factors—inside and outside of school. Parents and other socializers should be mindful about how
their attitudes towards mathematics and science are influencing children’s attitudes, especially
girls’. Negative stereotypes and misconceptions about STEM present a narrow view of who math
and science people are and exclude many would-be scientists, mathematicians, engineers, and
technologists, who find these impressions to be at odds with what they want to do and who they
want to be. Ultimately, it is up to society as a whole, not just parents and educators, to work
together to cultivate more positive attitudes towards mathematics and science in American youth,
to dispel negative beliefs and stereotypes about who math and science people are, what they do,
what they look like, and who can enjoy and be successful in STEM-related professions.
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APPENDIX A
OVERVIEW OF REVIEWED STUDIES
The studies featured in the literature review all involved U.S. students. Many of the
studies involved nationally representative samples (Andersen & Ward, 2014; Carolan, 2016;
Carolan & Matthews, 2015; Ethington & Wolfe, 1998; Federman, 2007; Froiland & Davison,
2016; Gottlieb, 2018; Kotok, 2017; Lee, 2017; Ma, 2011; Maltese & Tai, 2011; Mangu, Lee,
Middleton, & Nelson, 2015; Maple & Stage, 1991; Trusty, 2002; M.-T. Wang, Degol, & Ye,
2015; X. Wang, 2013; Ware & Lee, 1998; Yu & Singh, 2016). However, some were local to
certain schools or metropolitan areas (Aschbacher, Li, & Roth, 2010; Beier et al., 2018; Eastman,
Christman, Zion, & Yerrick, 2017; Eccles et al., 1998; Eccles & Wang, 2016; Flake, Barron,
Hulleman, McCoach, & Welsh, 2015; Greene, DeBacker, Ravindran, & Krows, 1999; Meece,
Wigfield, & Eccles, 1990; Sahin, 2013; Simpkins, Davis-Kean, & Eccles, 2006; Updegraff et al.,
1996; M.-T. Wang 2012; Watt et al., 2015).
The reviewed studies all examined the influence of students’ attitudes towards STEM on
their STEM outcomes in some way; a lesser number explicitly employed expectancy-value
models (Andersen & Ward, 2014; Beier et al., 2018; Eccles et al., 1983; Eccles & Wang 2016;
Eccles et al., 1998; Flake et al., 2015; Froiland & Davison, 2016; Gottlieb, 2018; Greene et al.,
1999; Meece et al., 1990; Simpkins, et al., 2006; Updegraff, et al., 1996; M.-T. Wang 2012; M.T. Wang et al., 2015; Watt et al., 2015). The bulk of studies employing expectancy-value models
were limited by only studying largely White, middle-class populations: only four were nationally
representative (Andersen & Ward, 2014; Froiland & Davison, 2016; Gottlieb, 2018; M.-T. Wang
et al., 2015).
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The timing of the studies varied. The majority of the studies used longitudinal designs
where students’ attitudes were first gauged earlier in middle or high school and then STEM
outcomes were measured later towards the end of high school (Carolan, 2016; Eccles et al.,
1998; Federman, 2007; Froiland & Davison, 2016; Meece et al., 1990; Simpkins et al., 2006;
Updegraff et al., 1996; M.-T. Wang 2012; Watt et al., 2015), near the beginning of college
(Ethington & Wolfe, 1998; Lee, 2017; Maple & Stage, 1991; Trusty, 2002; X. Wang, 2013;
Ware & Lee, 1998), or when participants were in their late twenties (Eccles & Wang, 2016; Ma,
2011; Maltese & Tai, 2011; M.-T. Wang, et al., 2015). Others used cross sectional timing where
students’ attitudes were measured at the same time as their career intentions (Andersen & Ward,
2014; Beier et al., 2018; Carolan & Matthews, 2015; Flake et al., 2015; Gottlieb, 2018; Greene et
al., 1999; Middleton, 2013).
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APPENDIX B
DESCRIPTION OF VARIABLES
Table 27
Descriptions of Study Variables
Variable

Prompt or Description
Item
Measurement

HSLS:09 Code

Personal Background
Gender

What is your sex?
0 = male (R)
1 = female (R)

X2SEX

Race

Are you Hispanic or Latino/a?
0 = no
1 = yes
Which of the following choices describe your race?
You may choose more than one.
White
Black or African American
Asian
Native Hawaiian or other Pacific Islander
American Indian or Alaska Native
0 = no
1 = yes

X2RACE
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Variable

Prompt or Description
Item
Measurement

HSLS:09 Code

SES

Highest level of education completed by first parent
Highest level of education completed by second parent
1 = less than high school
2 = high school diploma or GED
3 = associate’s degree
4 = bachelor’s degree
5 = master’s degree
7 = PhD, MD, law, or other high-level
professional degree
Occupation of first parent
Occupation of second parent
Total family income in 2008
1 = less than or equal to $15,000
2 = between $15,000 and $35,000
3 = between $35,000 and $55,000
4 = between $55,000 and $75,000
5 = between $75,000 and $95,000
6 = between $95,000 and $115,000
7 = between $115,000 and $135,000
8 = between $135,000 and $155,000
9 = between $155,000 and $175,000
10 = between $175,000 and $195,000
11 = between $195,000 and $215,000
12 = between $215,000 and $235,000
13 = greater than $235,000

X1SES

Socialization
Gender Beliefs

In general, how would you compare males and females
in the following subjects?
Math
1 = females are much better
2 = females are somewhat better
3 = females and males are the same
4 = males are somewhat better
5 = males are much better
Science
1 = females are much better
2 = females are somewhat better
3 = females and males are the same
4 = males are somewhat better
5 = males are much better
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P1MTHCOMP
P1SCICOMP

Variable

Prompt or Description
Item
Measurement

HSLS:09 Code

Peer Academic
Engagement

As far as you know, are the following statements true
or false for your closest friend? Your closest friend...
gets good grades.
is interested in school.
attends class regularly.
plans to go to college.
1 = true
2 = false

S1FRNDGRADES
S1FRNDSCHOOL
S1FRNDCLASS
S1FRNDCLG

Parent
Expectations

How far in school would you think your ninth grader
will go?
0 = don’t know (R)
1 = less than high school
2 = high school diploma or GED
3 = start but not complete an associate's degree
4 = complete an associate's degree
5 = start but not complete a bachelor's degree
6 = complete a bachelor's degree
7 = start but not complete a master's degree
8 = complete a master's degree
9 = start but not complete a Ph.D., M.D., law
degree, or other high-level professional degree
10 = complete a Ph.D., M.D., law degree, or
other high-level professional degree

X1PAREDEXPCT

Parent Math SelfEfficacy

How confident do you feel about your ability to help
your 9th-grader with the homework he/she has this
year in each of the following subjects?
Math
1 = very confident
2 = somewhat confident
3 = not at all confident
Science
1 = very confident
2 = somewhat confident
3 = not at all confident

P1MTHHWEFF
P1SCIHWEFF
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Variable

Prompt or Description
Item
Measurement

HSLS:09 Code

Educational Experiences
9th Grade Math
Achievement

Base-year standardized mathematics assessment theta
score. Standardized (M = 0, SD = 1) in base-year up
sample.

X1TXMTH

STEM
Extracurriculars

Since the fall of 2009, which of the following activities
have you participated in?
Math club
Math competition
Math summer camp
Math study group
Science club
Science competition
Science summer program
Science study group
0 = no
1 = yes

S2MCLUB
S2MCOMPETE
S2MSUMMERPRG
S2SGROUP
S2SCLUB
S2SCOMPETE
S2SSUMMERPRG
S2SGROUP

Teaching for
Meaning

Think about the full duration of this fall 2009 math
course. How much emphasis are you placing on each
of the following objectives?
Increasing students' interest in mathematics
Teaching students mathematical concepts
Teaching students to reason mathematically
Teaching students how mathematics ideas connect
with one another
Preparing students for further study in mathematics
Teaching students the logical structure of
mathematics
Teaching students about the history and nature of
mathematics
Teaching students to explain ideas in mathematics
effectively
Teaching students how to apply mathematics in
business and industry
1 = no emphasis
2 = minimal emphasis
3 = moderate emphasis
4 = heavy emphasis

M1INTEREST
M1CONCEPTS
M1REASON
M1IDEAS
M1PREPARE
M1LOGIC
M1HISTORY
M1EXPLAIN
M1BUSINESS
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Variable

Prompt or Description
Item
Measurement

HSLS:09 Code

Math Teacher
Support

How much do you agree or disagree with the following
statements about your math teacher? Your math
teacher…
values and listens to students' ideas.
treats students with respect.
treats every student fairly.
thinks every student can be successful.
thinks mistakes are okay as long as all students
learn.
treats some kids better than other kids.
makes math interesting.
treats males and females differently.
makes math easy to understand.
1 = strongly agree
2 = agree
3 = disagree
4 = strongly disagree

S1MTCHVALUES
S1MTCHRESPCT
S1MTCHFAIR
S1MTCHCONF
S1MTCHMISTKE
S1MTCHTREAT
S1MTCHINTRST
S1MTCHMFDIFF
S1MTCHEASY

Science Teacher
Support

How much do you agree or disagree with the following
statements about your math teacher? Your math
teacher…
values and listens to students' ideas.
treats students with respect.
treats every student fairly.
thinks every student can be successful.
thinks mistakes are okay as long as all students
learn.
treats some kids better than other kids.
makes science interesting.
treats males and females differently.
makes science easy to understand.
1 = strongly agree
2 = agree
3 = disagree
4 = strongly disagree

S1STCHVALUES
S1STCHRESPCT
S1STCHFAIR
S1STCHCONF
S1STCHMISTKE
S1STCHTREAT
S1STCHINTRST
S1STCHMFDIFF
S1STCHEASY
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Variable

Prompt or Description
Item
Measurement

HSLS:09 Code

Expectancy-Value Attitudes
9th-Grade STEM
Cost

How much do you agree or disagree with each of the
following statements? If you spend a lot of time and
effort in your math and science classes…
you won't have enough time for hanging out with
your friends.
you won't have enough time for extracurricular
activities.
you won't be popular.
people will make fun of you.
1 = strongly agree
2 = agree
3 = disagree
4 = strongly disagree

S1TEFRNDS
S1TEACTIV
S1TEPOPULAR
S1TEMAKEFUN

11th-Grade
Math
Self-Efficacy

How much do you agree or disagree with the following
statements about your spring 2012 math course?
You are confident that you can do an excellent job
on tests in this course.
You are certain that you can understand the most
difficult material presented in the textbook used in
this course.
You are certain that you can master the skills being
taught in this course.
You are confident that you can do an excellent job
on assignments in this course.
1 = strongly agree
2 = agree
3 = disagree
4 = strongly disagree

X2MTHEFF
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S2MTESTS
S2MTEXTBOOK
S2MSKILLS
S2MASSEXCL

Variable

Prompt or Description
Item
Measurement

HSLS:09 Code

11th-Grade
Science
Self-Efficacy

How much do you agree or disagree with the following
statements about your spring 2012 science course?
You are confident that you can do an excellent job
on tests in this course.
You are certain that you can understand the most
difficult material presented in the textbook used in
this course.
You are certain that you can master the skills being
taught in this course.
You are confident that you can do an excellent job
on assignments in this course.
1 = strongly agree
2 = agree
3 = disagree
4 = strongly disagree

X2SCIEFF

11th-Grade
Math Identity

How much do you agree or disagree with the following X2MTHID
statements?
You see yourself as a math person.
S2MPERSON1
Others see you as a math person.
S2MPERSON2
1 = strongly agree
2 = agree
3 = disagree
4 = strongly disagree

11th-Grade
Science Identity

How much do you agree or disagree with the following X2SCIID
statements?
You see yourself as a science person.
S2SPERSON1
Others see you as a science person.
S2SPERSON2
1 = strongly agree
2 = agree
3 = disagree
4 = strongly disagree
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S2STESTS
S2STEXTBOOK
S2SSKILLS
S2SASSEXCL

Variable

Prompt or Description
Item
Measurement

HSLS:09 Code

11th-Grade
Math Interest

How much do you agree or disagree with the following
statements about your spring 2012 math course?
You enjoy this class very much.
You think this class is a waste of your time.
You think this class is boring.
1 = strongly agree
2 = agree
3 = disagree
4 = strongly disagree
Not including lunch or study periods, what is your
favorite school subject?
Math
0 = no
1 = yes
Why are you taking your spring 2012 math course?
Would you say you are taking it because…
You really enjoy math?
0 = no
1 = yes

X2MTHINT

How much do you agree or disagree with the following
statements about your spring 2012 science course?
You enjoy this class very much.
You think this class is a waste of your time.
You think this class is boring.
1 = strongly agree
2 = agree
3 = disagree
4 = strongly disagree
Not including lunch or study periods, what is your
favorite school subject?
Science
0 = no
1 = yes
Why are you taking your spring 2012 science course?
Would you say you are taking it because…
You really enjoy science?
0 = no
1 = yes

X2SCIINT

11th-Grade
Science Interest
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S2MENJOYING
S2MWASTE
S2MBORING
S2FAVSUBJ
S2MENJOYS

S2SENJOYING
S2SWASTE
S2SBORING
S2FAVSUBJ
S2SENJOYS

Variable

Prompt or Description
Item
Measurement

HSLS:09 Code

11th-Grade
Math Utility

How much do you agree or disagree with the following
statements about math?
Math is useful for everyday life.
Math is useful for college.
Math is useful for a future career.
1 = strongly agree
2 = agree
3 = disagree
4 = strongly disagree

X2MTHUTI

How much do you agree or disagree with the following
statements about science?
Science is useful for everyday life.
Science is useful for college.
Science is useful for a future career.
1 = strongly agree
2 = agree
3 = disagree
4 = strongly disagree

X2SCIUTI

11th-Grade
Science Utility

S2MUSELIFE
S2MUSECLG
S2MUSEJOB

S2SUSELIFE
S2SUSECLG
S2SUSEJOB

STEM Outcomes
11th-Grade Math
Achievement

First follow-up mathematics assessment theta score.
Standardized (M = 0, SD = 1) in first-follow up
sample.

X2TXMTH

Highest Level
Math Course

Highest level high school mathematics completed
0 = no math
1 = basic math
2 = other math
3 = pre-algebra
4 = Algebra I
5 = geometry
6 = Algebra II
7 = trigonometry
8 = other advanced math
9 = probability and statistics
10 = other AP/IB math
11 = precalclus
12 = calculus
13 = AP/IB Calculus

X3THIMATH

165

Variable

Prompt or Description
Item
Measurement

HSLS:09 Code

Highest Level
Science Course

Highest level high school science completed
0 = no science
1 = general science
2 = specialty science
3 = advanced studies
5 = AP/IB science

X3THISCI

STEM Major
Intent

What field of study or program are you considering?
[Whether major selected was coded as STEM]
0 = no
1 = yes

S3FIELD_STEM

Analytic Weights
Longitudinal
Weights

Base-year to first follow-up to high school transcript
and 2013 update student weight.

W3W1W2STUTR

Note. R = recoded by researcher. All expectancy-value items recoded so that higher values
indicated higher levels on the attitude scale.
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APPENDIX C
ADDITIONAL TABLES
Table 28
Missing Data Rates for Study Variables
Variable
S3FIELD_STEM
X2TXMTH
X2SEX
X2RACE
X1SES
X1TXMTH
Total Extracurriculars
S1MTCHVALUES
S1MTCHRESPCT
S1MTCHFAIR
S1MTCHCONF
S1MTCHMISTKE
S1MTCHTREAT
S1MTCHINTRST
S1MTCHMFDIFF
S2MTESTS
S2MTEXTBOOK
S2MSKILLS
S2MASSEXCL
S2MPERSON1
S2MPERSON2
S2MWASTE
S2STESTS
S2STEXTBOOK
S2SSKILLS
S2SASSEXCL
S2SPERSON1
S2SPERSON2
S2SWASTE

% Missing
Variable
STEM Outcomes
5.8
X3THIMATH
0.0
X3THISCI
Personal Background and Socialization
0.0
X1PAREDEXPCT
0.0
P1MTHHWEFF
0.0
P1SCIHWEFF
Educational Experiences
0.1
S1MTCHEASY
2.6
S1STCHVALUES
9.0
S1STCHRESPCT
9.0
S1STCHFAIR
9.4
S1STCHCONF
9.4
S1STCHMISTKE
9.2
S1STCHTREAT
9.0
S1STCHINTRST
9.1
S1STCHMFDIFF
9.7
S1STCHEASY
Math Attitudes
1.9
S2MBORING
1.8
S2FAVSUBJ_M
1.8
S2MENJOYS
2.0
S2MENJOYING
1.6
S2MUSELIFE
1.9
S2MUSECLG
1.8
S2MUSEJOB
Science Attitudes
2.5
S2SBORING
2.3
S2FAVSUBJ_S
2.5
S2SENJOYS
2.6
S2SENJOYING
1.9
S2SUSELIFE
2.2
S2SUSECLG
2.3
S2SUSEJOB

% Missing
0.0
0.0
13.4
17.3
17.4
9.1
14.8
14.9
15.1
15.3
15.3
15.0
15.0
15.6
15.0
1.9
1.0
12.0
1.7
1.7
1.8
1.9
2.4
1.0
17.6
2.1
2.0
2.0
2.3

Note. Rates out of N = 11,413 respondents; variables starting with X were imputed by NCES.
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Table 29
Unstandardized Means and Standard Deviations for Study Variables
Variable

M

SD

Scale

1.10
2.91
1.46

STD
0–13
0–5

STEM Outcomes
X2TXMTH
X3THIMATH
X3THISCI

X1SES
X1PAREDEXPCT
P1MTHHWEFF
P1SCIHWEFF

X1TXMTH
Extracurriculars
Math Teacher Support
S1MTCHVALUES
S1MTCHRESPCT
S1MTCHFAIR
S1MTCHCONF
S1MTCHMISTKE
S1MTCHTREAT
S1MTCHINTRST
S1MTCHMFDIFF
S1MTCHEASY
Science Teacher Support
S1STCHVALUES
S1STCHRESPCT
S1STCHFAIR
S1STCHCONF
S1STCHMISTKE
S1STCHTREAT
S1STCHINTRST
S1STCHMFDIFF
S1STCHEASY

0.89
8.91
2.20

Personal Background and Socialization
0.08
0.77
6.52
2.94
2.04
0.77
2.26
0.68

STD
0–10
1–3
1–3

Educational Experiences
0.18
0.93
0.53
1.11

STD
0–8

3.04
3.17
3.10
3.23
3.11
2.91
2.69
3.20
2.86

0.83
0.78
0.85
0.80
0.81
0.93
0.98
0.83
0.92

1–4
1–4
1–4
1–4
1–4
1–4
1–4
1–4
1–4

2.95
3.07
3.00
3.11
2.97
2.82
2.73
3.14
2.71

0.90
0.89
0.92
0.87
0.87
0.96
1.03
0.86
0.96

1–4
1–4
1–4
1–4
1–4
1–4
1–4
1–4
1–4

Math Attitudes Indicator Variables
Math Self-Efficacy
S2MTESTS
S2MTEXTBOOK
S2MSKILLS
S2MASSEXCL

2.81
2.57
2.90
2.97

0.81
0.89
0.77
0.75
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1–4
1–4
1–4
1–4

Variable
Math Identity
S2MPERSON1
S2MPERSON2
Math Interest
S2MWASTE
S2MBORING
S2FAVSUBJ_M
S2MENJOYS
S2MENJOYING
Math Utility
S2MUSELIFE
S2MUSECLG
S2MUSEJOB

M

SD

Scale

2.45
2.51

1.00
0.92

1–4
1–4

3.07
2.48
0.18
0.36
2.51

0.81
0.90
0.39
0.48
0.92

1–4
1–4
0–1
0–1
1–4

3.16
3.48
3.28

0.73
0.58
0.72

1–4
1–4
1–4

Science Attitudes Indicator Variables
Science Self-Efficacy
S2STESTS
S2STEXTBOOK
S2SSKILLS
S2SASSEXCL
Science Identity
S2SPERSON1
S2SPERSON2
Science Interest
S2SWASTE
S2SBORING
S2FAVSUBJ_S
S2SENJOYS
S2SENJOYING
Science Utility
S2SUSELIFE
S2SUSECLG
S2SUSEJOB

2.83
2.69
2.87
2.97

0.81
0.88
0.79
0.77

1–4
1–4
1–4
1–4

2.56
2.50

0.91
0.86

1–4
1–4

3.08
2.77
0.15
0.52
2.76

0.81
0.92
0.35
0.50
0.94

1–4
1–4
0–1
0–1
1–4

2.87
3.25
3.10

0.76
0.66
0.79

1–4
1–4
1–4

Note. STD = Standardized in full sample.
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Table 30
Unstandardized Estimates for Math Factor Analysis
Variable
Math Teacher Support (MTS)
S1MTCHVALUES
S1MTCHRESPCT
S1MTCHFAIR
S1MTCHCONF
S1MTCHMISTKE
S1MTCHTREAT
S1MTCHINTRST
S1MTCHMFDIFF
S1MTCHEASY
Math Self-Efficacy (MSE)
S2MTESTS
S2MTEXTBOOK
S2MSKILLS
S2MASSEXCL
Math Identity (MID)
S2MPERSON1
S2MPERSON2
Math Interest (MIN)
S2MWASTE
S2MBORING
S2FAVSUBJ_M
S2MENJOYS
S2MENJOYING
Math Utility (MUT)
S2MUSELIFE
S2MUSECLG
S2MUSEJOB

S1MTCHTREAT with
S1MTCHMFDIFF
S1MTCHINTRST with
S1MTCHEASY
S2MWASTE with
S2MBORING
S2MBORING with
S2MENJOYING
S2MPERSON1 with
S2MENJOYS
MTS with MSE
MTS with MID

Estimate
Factor Loading

SE

1.000***
1.022***
1.076***
0.936***
0.866***
0.840***
0.914***
0.663***
0.899***

––
.011
.011
.016
.014
.024
.019
.030
.017

1.000***
0.926***
0.881***
0.890***

––
.019
.011
.012

1.000***
0.817***

––
.013

1.000***
1.151***
0.474***
0.774***
1.698***

––
.036
.022
.031
.064

1.000***
0.847***
1.136***

––
.025
.028

Covariance
0.210***

.019

0.227***

.011

0.188***

.013

0.141***

.010

0.043***

.005

0.070***
0.081***

.011
.012
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Variable
MTS with MIN
MTS with MUT
MSE with MID
MSE with MIN
MSE with MUT
MID with MIN
MID with MUT
MIN with MUT

Estimate
0.043***
0.044***
0.423***
0.223***
0.163***
0.320***
0.245***
0.127***

Note. Dashes indicate factor loadings were fixed. SRMR = .033.
*p < .05, **p < .01, ***p < .001.
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SE
.007
.008
.014
.010
.009
.013
.011
.009

Table 31
Unstandardized Estimates for Science Factor Analysis
Variable
Science Teacher Support (STS)
S1STCHVALUES
S1STCHRESPCT
S1STCHFAIR
S1STCHCONF
S1STCHMISTKE
S1STCHTREAT
S1STCHINTRST
S1STCHMFDIFF
S1STCHEASY
Science Self-Efficacy (SSE)
S2STESTS
S2STEXTBOOK
S2SSKILLS
S2SASSEXCL
Science Identity (SID)
S2SPERSON1
S2SPERSON2
Science Interest (SIN)
S2SWASTE
S2SBORING
S2FAVSUBJ_S
S2SENJOYS
S2SENJOYING
Science Utility (SUT)
S2SUSELIFE
S2SUSECLG
S2SUSEJOB

S1STCHTREAT with
S1STCHMFDIFF
S1STCHINTRST with
S1STCHEASY
S2SWASTE with
S2SBORING
S2SBORING with
S2SENJOYING
S2SPERSON1 with
S2SENJOYS
STS with SSE
STS with SID

Estimate
Factor Loading

SE

1.000***
1.035***
1.061***
0.951***
0.873***
0.830***
0.930***
0.637***
0.887***

––
.011
.012
.019
.020
.022
.018
.030
.014

1.000***
0.981***
0.950***
0.921***

––
.015
.013
.012

1.000***
0.883***

––
.014

1.000***
1.094***
0.287***
0.652***
1.500***

––
.034
.015
.025
.048

1.000***
0.959***
1.202***

––
.033
.033

Covariance
0.209***

.018

0.229***

.012

0.186***

.011

0.146***

.014

0.048***

.004

0.103***
0.097***

.014
.009
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Variable
STS with SIN
STS with SUT
SSE with SID
SSE with SIN
SSE with SUT
SID with SIN
SID with SUT
SIN with SUT

Estimate
0.057***
0.068***
0.354***
0.275***
0.185***
0.308***
0.292***
0.166***

Note. Dashes indicate factor loadings were fixed. SRMR = .031.
*p < .05, **p < .01, ***p < .001.
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SE
.009
.008
.011
.011
.010
.013
.012
.010

